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Preface

The title of this book reflects who we are: a computational biologist and an
algebraist who share a common interest in statistics. Our collaboration sprang
from the desire to find a mathematical language for discussing biological se-
quence analysis, with the initial impetus being provided by the Introductory
Workshop on Discrete and Computational Geometry at the Mathematical Sci-
ences Research Institute (MSRI) held at Berkeley in August 2003. At that
workshop we began exploring the similarities between tropical matrix multi-
plication and the Viterbi algorithm for hidden Markov models. Our discussions
ultimately led to two articles [Pachter and Sturmfels, 2004a,b] which are ex-
plained and further developed in various chapters of this book.

In the fall of 2003 we held a graduate seminar on The Mathematics of
Phylogenetic Trees. About half of the authors in the second part of this
book already participated in that seminar. It was based on topics from the
books [Felsenstein, 2003, Semple and Steel, 2003] but we also discussed other
projects, such as Michael Joswig’s polytope propagation on graphs (now Chap-
ter 6). That seminar got us up to speed on research topics in phylogenetics, and
led us to participate in the conference on Phylogenetic Combinatorics which
was held in July 2004 in Uppsala, Sweden. In Uppsala we were introduced to
David Bryant and his statistical models for split systems (now Chapter 17).

Another milestone was the workshop on Computational Algebraic Statistics
which was held at the American Institute for Mathematics (AIM) at Palo
Alto in December 2003. That workshop was built on the algebraic statistics
paradigm, which is that statistical models for discrete data can be represented
as solutions to systems of polynomial equations. Our current understanding of
algebraic statistical models, maximum likelihood estimation and expectation
maximization was shaped by the excellent lectures and discussions at AIM.

These developments led us to offer a mathematics graduate course titled Al-
gebraic Statistics for Computational Biology in the fall of 2004. The course was
attended mostly by mathematics students curious about computational biol-

vii



viii Preface

ogy, but also by computer scientists, statisticians, and bioengineering students
interested in understanding the mathematical foundations of bioinformatics.
Participants ranged from senior postdocs to first year graduate students and
even one undergraduate. The format consisted of lectures by us on basic
principles of algebraic statistics and computational biology, as well as student
participation in the form of group projects and presentations. The class was
divided into four sections, reflecting the four themes of algebra, statistics, com-
putation and biology. Each group was assigned a handful of projects to pursue,
with the goal of completing a written report by the end of the semester. In
some cases the groups worked on the problems we suggested, but, more often
than not, original ideas by group members led to independent research plans.

Half way through the semester, it became clear that the groups were making
fantastic progress, and that their written reports would contain many novel
ideas and results. At that point, we thought about preparing a book. The
first half of the book would be based on our own lectures, and the second half
would consist of chapters based on the final term papers. A tight schedule
was seen as essential for the success of such an undertaking, given that many
participants would be leaving Berkeley and the momentum would be lost. It
was decided that the book should be written by March 2005, or not at all.

We were fortunate to find a partner in Cambridge University Press, which
agreed to work with us on our concept. We are especially grateful to our editor,
David Tranah, for his strong encouragement, and his trust that our half-baked
ideas could actually turn into a readable book. After all, we were proposing
to write to a book with twenty-nine authors during a period of three months.

The project did become reality and the result is in your hands. It offers an
accurate snapshot of what happened during our seminars at UC Berkeley in
2003 and 2004. Nothing more and nothing less. The choice of topics is certainly
biased, and the presentation is undoubtedly very far from perfect. But we hope
that it may serve as an invitation to biology for mathematicians, and as an
invitation to algebra for biologists, statisticians and computer scientists.

We acknowledge the National Science Foundation and the National Insti-
tute of Health for their financial support, and many friends and colleagues for
providing helpful comments — there are far too many to list individually. Most
of all, we are grateful to our wonderful students and postdocs from whom we
learned so much. Their enthusiasm and hard work have been truly amazing.
You will enjoy meeting them in Part 2.

Lior Pachter and Bernd Sturmfels
Berkeley, California, March 2005



Part 1

Introduction to the four themes

Part I of this book is devoted to outlining the basic principles of algebraic
statistics, and their relationship to computational biology. Although some of
the ideas are complex, and their relationships intricate, the underlying phi-
losophy of our approach to biological sequence analysis is summarized in the
cartoon on the cover of the book. The fictional character is DiaNA, who
appears throughout the book, and who is the statistical surrogate for our bio-
logical intuition. In the cartoon, DiaNA is walking randomly on a graph and
she is throwing tetrahedral dice that can land on one of the characters A,C,G
or T. A key feature of the tosses is that the outcome depends on the direction
she is walking. We, the observers, record the characters that appear on the
successive throws, but are unable to see the path that DiaNA takes on her
graph. Our goal is to guess DiaNA’s path from the die roll outcomes. That is,
we wish to make an inference about missing data from certain observed data.

In this book, the observed data are DNA sequences, and in Chapter 4 we
explain the relevance of the example depicted on the cover to the biological
problem of sequence alignment. The tetrahedral shape of the die hint at poly-
topes, which we see in Chapter 2 are fundamental geometric objects that play
a key role in making guesses about DiaNA. Underlying the whole story is al-
gebra, featured in Chapter 3, and which is the universal language with which
to describe the underlying process at the heart of DiaNA’s randomness.

Chapter 1 offers a fairly self-contained introduction to algebraic statistics.
Many concepts of statistics have a natural analog in algebraic geometry, and
there is an emerging dictionary which bridges the gap between these disciplines:

independence = Segre variety
exponential family = toric variety
manifold

curved exponential family

mixture model secant variety

inference = tropicalization

This dictionary is far from complete and finished, but it already suggests that
algorithmic tools from algebraic geometry, most notably Grobner bases, may
be used for computations in statistics that may be beneficial for computational
biology applications. While we are well aware of the limitations of algebraic
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algorithms, with Grobner bases computations typically becoming intractable
beyond toy problems, we nevertheless believe that computational biologists
might benefit from adding the techniques described in Chapter 3 to their tool
box. In addition, we have found the algebraic point of view to be useful in
unifying and developing many computational biology algorithms. For example,
the results on parametric sequence alignment in Chapter 7 do not require
the language of algebra to be understood or utilized, but were motivated by
concepts such as the Newton polytope of a polynomial. Chapter 2 discusses
discrete algorithms which provide efficient solutions to various problems of
statistical inference. Chapter 4 is an introduction to the biology, where we
return to many of the examples in Chapter 1, illustrating how the statistical
models we have discussed play a prominent role in computational biology.
We emphasize that Part I serves mainly as an introduction and reference
for the chapters in Part II. We have therefore omitted many topics which are
rightfully considered to be an integral part of computational biology. For ex-
ample, we have restricted ourselves to the topic of biological sequence analysis,
and within that domain have focused on eukaryotic genome analysis. Read-
ers interested in a more complete introduction to computational biology are
referred to [Durbin et al., 1998], our favorite introduction to the area. Also
useful may be a text on molecular biology with an emphasis on genomics, such
as [Brown, 2002]. Our treatment of computational algebra in Chapter 3 is only
a sliver taken from a mature and developed subject. The excellent book by
[Cox et al., 1997] fills in many of the details missing in our discussions.
Because Part I covers many topics, a comprehensive list of prerequisites
would include a background in computer science, familiarity with molecular
biology, and the benefit of having taken introductory courses in statistics and
abstract algebra. Direct experience in computational biology would also be
desirable. Of course, we recognize that this is asking too much. Real-life
readers may be experts in one of these subjects but completely unfamiliar
with others, and we have taken this into account when writing the book.
Various chapters provide natural points of entry for readers with different
backgrounds. Those wishing to learn more about genomes can start with
Chapter 4, biologists interested in software tools can start with Section 2.5,
and statisticians who wish to brush up their algebra can start with Chapter 3.
In summary, the book is not meant to serve as the definitive text for algebraic
statistics or computational biology, but rather as a first invitation to biology
for mathematicians, and conversely as a mathematical primer for biologists.
In other words, it is written in the spirit of interdisciplinary collaboration that
is highlighted in the article Mathematics is Biology’s Next Microscope, Only
Better; Biology is Mathematics’ Next Physics, Only Better [Cohen, 2004].



1
Statistics

Lior Pachter
Bernd Sturmfels

Statistics is the science of data analysis. The data to be encountered in this
book are derived from genomes. Genomes consist of long chains of DNA which
are represented by sequences in the letters A,C,G or T. These abbreviate the
four nucleic acids Adenine, Cytosine, Guanine and Thymine, which serve as
fundamental building blocks in biology.

What do statisticians do with their data? They build models of the process
that generated the data and, in what is known as statistical inference, draw con-
clusions about this process. Genome sequences are particularly interesting data
to draw conclusions from: they are the blueprint for life, and yet their function,
structure, and evolution are poorly understood. Statistics is fundamental for
genomics, a point of view that was emphasized in [Durbin et al., 1998].

The inference tools we present in this chapter look different from those found
in [Durbin et al., 1998], or most other texts on computational biology or math-
ematical statistics: they are written in the language of abstract algebra. The
algebraic language for statistics clarifies many of the ideas central to analysis
of discrete data, and, within the context of biological sequence analysis, unifies
the main ingredients of many widely used algorithms.

Algebraic Statistics is a new field, less than a decade old, whose precise scope
is still emerging. The term itself was coined by Giovanni Pistone, Eva Ricco-
magno and Henry Wynn, with the title of their book [Pistone et al., 2001].
That book explains how polynomial algebra arises in problems from experi-
mental design and discrete probability, and it demonstrates how computational
algebra techniques can be applied to statistics.

This chapter takes some additional steps along the algebraic statistics path.
It offers a self-contained introduction to algebraic statistical models, with the
aim of developing inference tools necessary for studying genomes. Special
emphasis will be placed on (hidden) Markov models and graphical models.

3



4 L. Pachter and B. Sturmfels

1.1 Statistical models for discrete data

Imagine a fictional character named DiaNA who produces sequences of letters
over the four-letter alphabet {A,C,G, T}. An example of such a sequence is

CTCACGTGATGAGAGCATTCTCAGACCGTGACGCGTGTAGCAGCGGCTC (1.1)

The sequences produced by DiaNA are called DNA sequences. DiaNA gen-
erates her sequences by some random process. When modeling this random
process we make assumptions about part of its structure. The resulting sta-
tistical model is a family of probability distributions, one of which we believe
governs the process by which DiaNA generates her sequences. In this book we
consider parametric statistical models, which are families of probability dis-
tributions that can be parameterized by a finite-dimensional parameter. One
important task is to estimate DiaNA’s parameters from the sequences she gen-
erates. Estimation is also called learning in the computer science literature.
DiaNA uses tetrahedral dice to generate DNA sequences. Each tetrahedral
die has the shape of a tetrahedron, and its four faces are labeled with the
letters A, C, G and T. If DiaNA rolls a fair die then each of the four letters will
appear with the same probability 1/4. If she uses a loaded tetrahedral die then
the four probabilities can be any four non-negative numbers that sum to one.

Example 1.1 Suppose that DiaNA uses three tetrahedral dice. Two of her
dice are loaded and one die is fair. The probabilities of rolling the four letters
are known to us. They are the numbers in the rows of the following table:

A C G T
first die  0.15 0.33 0.36 0.16
second die 0.27 0.24 0.23 0.26
third die  0.25 0.25 0.25 0.25

(1.2)

DiaNA generates each letter in her DNA sequence independently using the
following process. She first picks one of her three dice at random, where her
first die is picked with probability 61, her second die is picked with probability
05, and her third die is picked with probability 1 — 6; — 5. The probabilities
0, and 5 are unknown to us, but we do know that DiaNA makes one roll with
the selected die, and then she records the resulting letter, A, C, G or T.

In the setting of biology, the first die corresponds to DNA which is G + C
rich. the second die corresponds to DNA which is G + C poor, and the third
is a fair die. We got the specific numbers in the first two rows of (1.2) by
averaging the rows of the two tables in [Durbin et al., 1998, page 50] (for more
on this example and its connection to CpG island identification see Chapter 4).

Suppose we are given the DNA sequence of length N =49 shown in (1.1).
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One question that may be asked is whether the sequence was generated by
DiaNA using this process, and, if so, which parameters #; and 6s did she use?

Let pa, pc, pe¢ and pr denote the probabilities that DiaNA will generate
any of her four letters. The statistical model we have discussed is written in
algebraic notation as

pa = —0.10-6; + 0.02-6, + 0.25,
pc = 0.08-6; —0.01-62 + 0.25,
Pec = 0.11- 91 — 0.02 - 92 + 025,
pr = —0.09-6; + 0.01-6, + 0.25.

Note that py+pc+pe+pr = 1, and we get the three distributions in the rows
of (1.2) by specializing (61, 62) to (1,0), (0,1) and (0, 0) respectively.

To answer our questions, we consider the likelihood of observing the partic-
ular data (1.1). Since each of the 49 characters was generated independently,
that likelihood is the product of the probabilities of the individual letters:

L = pcprpapcpepe---pa = p}\O 'pé4 'p(l}s 'p%o-
This expression is the likelihood function of DiaNA’s model for the data (1.1).
To stress the fact that the parameters #; and 6, are unknowns we write
L(61,6;) = pa(61,02)"  pc(f1,02)™ - pe(61,02)" - pr(61,62)™.
This likelihood function is a real-valued function on the triangle
0 = {(91,92) €R? : 6, >0 and 6 >0 and 01 + 65 < 1}.

In the paradigm of maximum likelihood we estimate the parameter values that
DiaNA used by those values which make the likelihood of observing her data
as large as possible. Thus our task is to maximize L(61,62) over the triangle
O. It is equivalent but more convenient to maximize the log-likelihood function

0(61,62) = log(L(Hl, 02))
= 10 - log(pa(01,602)) + 14 - log(pc(61, 62))
+15 - log(pe(01, 62)) + 10 - log(pr (61, 02)).
The solution to this optimization problem can be computed in closed form, by
equating the two partial derivatives of the log-likelihood function to zero:

or 10 Opa 14 9Ipc 15 Opg 10 Opr

= _— e L D2 2 =0,
06, pa 001 pc 001  pg 001  pr 00y
or 10 Opa 14 9Ipc 15 Opg 10 Opr
= = =.z= ., 7.7, 7 s, L2 ),
00 pa 00y  pc 00y  pg 00y  pr 002

Each of the two expressions is a rational function in (6, 63). By clearing de-
nominators and by applying the algebraic technique of Grébner bases (Section
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3.1), we can transform the two equations above into the equivalent equations

13003050 - 01 + 2744 - 63 — 2116125 6, — 6290625 = 0,

1.3
134456 - 63 — 10852275 - 03 — 4304728125 65 + 935718750 = 0. (1.3)

The second equation has a unique solution 65 between 0 and 1. The corre-
sponding value of #; is obtained by solving the first equation. Approximately,
(61,6,) = (0.5191263945, 0.2172513326 ).

The log-likelihood function attains its maximum value at this point:
0(6,,6,) = —67.08253037.

The corresponding probability distribution

(P, Pos PorPr) = (0.202432, 0.289358, 0.302759, 0.205451)  (1.4)

is very close (in a statistical sense [Bickel, 1971]) to the empirical distribution
1

15(10.14,15,10) = (0.204082, 0.285714, 0.306122, 0.204082).  (1.5)

We conclude that the proposed model is a good fit for the data (1.1) and guess
that DiaNA used the probabilities 1 and 65 for choosing among her dice.

We now turn to our general discussion of statistical models for discrete data.
A statistical model is a family of probability distributions on some state space.
In this book we assume that the state space is finite, but possibly quite large.
We often identify the state space with the set of the first m positive integers,

[m] = {1,2,...,m}. (1.6)

A probability distribution on the set [m] is a point in the probability simplex

m
JAVSRERTIRE {(pl, ooy Dm) ER™ Zpi =1land p; >0 for allj}. (1.7)
i=1
The index m — 1 indicates the dimension of the simplex A,,_1. We write A
for the simplex A,,_1; when the underlying state space [m| is understood.

Example 1.2 The state space for DiaNA’s dice is the set {A,C,G, T} which
we identify with the set [4] = {1,2,3,4}. The simplex A is a tetrahedron.
The probability distribution associated with a fair die is the point (%, i, i, i),
which is the centroid of the tetrahedron A. Equivalently, we may think about
our model via the concept of a random wvariable, that is a function X taking
values in the state space {A, C, G, T} . Then the point corresponding to a fair die

gives the probability distribution of X as Prob(X = A) = 1, Prob(X =C) =
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%, Prob(X = G) = 1, Prob(X = T) = 1. All other points in the tetrahedron
A correspond to loaded dice.

A statistical model for discrete data is a family of probability distributions
on [m]. Equivalently, a statistical model is simply a subset of the simplex
A. The i-th coordinate p; represents the probability of observing the state i,
and in that capacity p; must be a non-negative real number. However, when
discussing algebraic computations (as in Chapter 3), we sometimes relax this
requirement and allow p; to be negative or even a complex number.

An algebraic statistical model arises as the image of a polynomial map

f: R R™, 0= (61,....00) — (f1(0), f2(0), ..., [im(0)). (1.8)

The unknowns 6y, ...,60; represent the model parameters. In most cases of
interest, d is much smaller than m. Each coordinate function f; is a polynomial
in the d unknowns, which means it has the form

[i0) = ) ca- 071657057, (1.9)
acNd

where all but finitely many of the coefficients ¢, € R are zero. We use N to
denote the non-negative integers, that is, N ={0,1,2,3,...}.

The parameter vector (6y,...,60;) ranges over a suitable non-empty open
subset © of R? which is called the parameter space of the model f. We assume
that the parameter space © satisfies the condition

fi(6) >0 forall i € [m] and 0 € © (1.10)
Under these hypotheses, the following two conditions are equivalent:
f(®) C A — f1(0) + f2(0) + -+ fin(0) = 1 (1.11)

This is an identity of polynomial functions, which means that all non-constant
terms of the polynomials f; cancel, and the constant terms add up to 1. If
(1.11) holds, then our model is simply the set f(O).

Example 1.3 DiaNA’s model in Example 1.1 is a mizture model which mixes
three distributions on {A, C, G, T}. Geometrically, the image of DiaNA’s map
f:R* = R, (61,62) — (pa. pc, pe, P1)
is the plane in R* which is cut out by the two linear equations
pa+pc+pe+pr =1 and  11py + 15pe = 17pc + 9pr.  (1.12)

This plane intersects the tetrahedron A in the quadrangle whose vertices are

35 15 17 9 11 17 11
(0,0,§,§), (0,3—2,3—2,0), (%,0,0,%) and (%,%,0,0) (113)
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Inside this quadrangle is the triangle f(©) whose vertices are the three rows of
the table in (1.2). The point (1.4) lies in that triangle and is near (1.5).

Some statistical models are naturally given by a polynomial map f for which
(1.11) does not hold. If this is the case then we scale each vector in f(©) by
the positive quantity > /", f;(6). Regardless of whether (1.11) holds or not,
our model is the family of all probability distributions on [m] of the form

1
= (f1(0), f2(0),..., fm(0 where 6 € O. 1.14
s g (0 £20) . £ (0) (114
We generally try to keep things simple and assume that (1.11) holds. However,
there are some cases, such as the general toric model in the next section, when
the formulation in (1.14) is more natural. It poses no great difficulty to extend

our theorems and algorithms from polynomials to rational functions.

Our data are typically given in the form of a sequence of observations
11,92,13,04, - -, IN- (1.15)

Each data point i; is an element from our state space [m]. The integer N, which
is the length of the sequence, is called the sample size. We summarize the data
(1.15) in the data vector u = (u1,us, ..., un) where uy is the number of indices
J € [N]such that i; = k. Hence u is a vector in N™ with w; +ug+- - -+upy = N.
The empirical distribution corresponding to the data (1.15) is the scaled vector
%u which is a point in the probability simplex A. The coordinates u;/N of
the vector %u are the observed frequencies of the various possible outcomes.

We consider the model f to be a “good fit” for the data w if there exists a
parameter vector # € O such that the probability distribution f(0) is very close,
in a statistically meaningful sense [Bickel, 1971], to the empirical distribution
%u. Suppose we independently draw N times at random from the set [m] with
respect to the probability distribution f(#). Then the probability of observing
the sequence (1.15) equals

LO) = [u(0)fi,(0)---fix(0) = fu(0)™ - fm(0)"" (1.16)

This expression depends on the parameter vector 6 as well as the data vector
u. However, we think of u as being fixed and then L is a function from © to the
positive real numbers. It is called the likelihood function to emphasize that it
is a function that depends on #, and to distinguish it from an expression for a
probability. Note that any reordering of the sequence (1.15) leads to the same
data vector u. Hence the probability of observing the data vector w is equal to

(ur +ug + -+ up)!
’LL1!’LL2! s um'

- L(6). (1.17)

The vector u plays the role of a sufficient statistic for the model f. This means
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that the likelihood function L(6) depends on the data (1.15) only through wu.
In practice one often replaces the likelihood function by its logarithm

0(0) = logL(0) = ui-log(f1(0))+uz-log(f2(6))+ - +um-log(fm(0)). (1.18)

This is the log-likelihood function. Note that £(6) is a function from the pa-
rameter space © C R? to the negative real numbers R.g.

The problem of mazimum likelihood estimation is to maximize the likelihood
function L(€) in (1.16), or, equivalently, the scaled likelihood function (1.17),
or, equivalently, the log-likelihood function ¢(#) in (1.18). Here # ranges over
the parameter space © C R%. Formally, we consider the optimization problem:

Maximize ¢(f) subject to 0 € O. (1.19)

A solution to this optimization problem is denoted 6 and is called a mazimum
likelihood estimate of @ with respect to the model f and the data u. Sometimes,
if the model satisfies certain properties, it may be that the maximum likelihood
estimate 6 is always unique. This happens for linear models and toric models,
due to the concavity of their log-likelihood function, as we shall see in Section
1.2. For most statistical models, however, the situation is not as simple. There
can be more than one global maximum, in fact, there can be infinitely many of
them. And it may be difficult to find any one of these global maxima. In that
case, one may content oneself with a local maximum of the likelihood function.
In Section 1.3 we shall discuss the EM algorithm which is a numerical method
for finding solutions to the maximum likelihood estimation problem (1.19).

1.2 Linear models and toric models

In this section we introduce two classes of models which have the property that
maximum likelihood estimation (1.19) is a convex optimization problem. As-
suming that the parameter domain © is bounded, it follows that the likelihood
function has exactly one local maximum 6 € ©, and it is easy to numerically
compute the mazimum likelihood estimate 6 using any of the hill-climbing
methods of convex optimization, such as the gradient ascent algorithm.

1.2.1 Linear models

An algebraic statistical model f : R* — R™ is called a linear model if each of
its coordinate polynomials f;(#) is a linear function. Being a linear function
means there exist real numbers a;1, ..., a14 and b; such that

d
fi0) = Zaiﬂj—l—bi. (1.20)
=1
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The m linear functions f1(6), ..., f;,(0) have the property that their sum is the
constant function 1. DiaNA’s model studied in Example 1.1 is a linear model.
For the data discussed in that example, the log-likelihood function ¢(#) had a
unique local maximum on the parameter triangle ©. The following proposition
states that this desirable property holds for every linear model.

Proposition 1.4 For any linear model £ and data v € N, the log-likelihood
function €(0) = > " u;log(fi(0)) is concave. If the linear map f is one-to-
one and all u; are positive then the log-likelihood function is strictly concave.

Proof Our assertion that the log-likelihood function #(f) is concave states
that the Hessian matriz (89?%) is negative semi-definite. In other words, we
need to show that every eigenvalue of this symmetric matrix is non-positive.

The partial derivative of the linear function f;(#) in (1.20) with respect to
the unknown 0; is the constant a;;. Hence the partial derivative of the log-
likelihood function £(6) equals

ol ulaw
— 1.21
" z (1.21)
Taking the derivative again, we get the following formula for the Hessian matrix
o > T ( Ul U2 Um >
- = —A' . dia , Yo <A 1.22
(6@ aek & f1(9)2 f2(9)2 fm(9)2 ( )

Here A is the m x d matrix whose entry in row ¢ and column j equals a;;.
This shows that the Hessian (1.22) is a symmetric d x d matrix each of whose
eigenvalues is non-positive.

The argument above shows that ¢(6) is a concave function. Moreover, if the
linear map f is one-to-one then the matrix A has rank d. In that case, provided
all u; are strictly positive, all eigenvalues of the Hessian are strictly negative,
and we conclude that £(0) is strictly concave for all § € ©. O

The critical points of the likelihood function £(6) of the linear model f are
the solutions to the following system of d equations in d unknowns which are
obtained by equating (1.21) to zero. What we get are the likelihood equations

Z ’LLZ(Ill Z uzaz2 o _ Z ulald = 0. (123)

The study of these equations involves the combinatorial theory of hyperplane

arrangements. Indeed, consider the m hyperplanes in d-space R¢ which are
defined by the equations f;(#) =0 fori =1,2,...,m. The complement of this
arrangement of hyperplanes in R is the following set of parameter values

C = {0eR": fi(0)f20)f3(0) - fm(6) # O}.
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This set is the disjoint union of finitely many open convex polyhedra defined by
inequalities f;(#) > 0 or f;(#) < 0. These polyhedra are called the regions of the
arrangement. Some of these regions are bounded, and others are unbounded.
Let p denote the number of bounded regions of the arrangement.

Theorem 1.5 (Varchenko’s Formula) If the u; are positive, then the like-
lihood equations (1.23) of the linear model £ have precisely p distinct real solu-
tions, one in each bounded region of the hyperplane arrangement {f; = 0}ic(m)-
All solutions have multiplicity one and there are mo other complex solutions.

This result first appeared in [Varchenko, 1995]. The connection to maximum
likelihood estimation was explored by [Catanese et al., 2004].

We already saw one instance of Varchenko’s Formula in Example 1.1. The
four lines defined by the vanishing of DiaNA’s probabilities p,, pc, pe or pr
partition the (61, 62)-plane into eleven regions. Three of these eleven regions
are bounded: one is the quadrangle (1.13) in A and two are triangles outside A.
Thus DiaNA’s linear model has g = 3 bounded regions. Each region contains
one of the three solutions of the transformed likelihood equations (1.3).

Example 1.6 Consider a one-dimensional (d = 1) linear model f : Rl — R™.
Here 6 is a scalar parameter, each f; = a;0 + b; is a linear function in one
unknown 0. We have a1+4as+---+a,,, =0 and by+bo+---+b,, = 1. Assuming
the m quantities —b;/a; are all distinct, they divide the real line into m — 1
bounded segments and two unbounded half-rays. One of the bounded segments
is © =f~1(A). The derivative of the log-likelihood function equals

dl i U; Qg
a0 Z a;0 +b;

i=1

For positive u;, this rational function has precisely m — 1 zeros, one in each
of the bounded segments. The maximum likelihood estimate 6 is the unique
zero of df/df in the statistically meaningful segment © = f=1(A).

Example 1.7 Many statistical models used in biology have the property that
the polynomials f;(f) are multilinear. The concavity result of Proposition 1.4
is a useful tool for varying the parameters one at a time. Here is such a model
with d = 3 and m = 5. Consider the trilinear map f: R? — R® given by

fl( ) = —24010503 4 90102 + 90103 + 90205 — 301 — 30 — 303 + 1
f2(6) = —48010505 + 660,02 + 60163 + 60205

fg(@) = 24610503 + 30105 — 90105 — 960503 + 3653

f4( ) = 246010505 — 90105 + 30105 — 90203 + 365

f5( ) = 246010505 — 96105 — 960103 + 360203 + 36,.
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This is a small instance of the Jukes-Cantor model of phylogenetics. Its deriva-
tion and its relevance for computational biology will be discussed in detail in
Chapter 18. Let us fix two of the parameters, say 6; and 65, and vary only
the third parameter 3. The result is a linear model as in Example 1.6, with
0 = 03. We compute the maximum likelihood estimate 53 for this linear model,
and then we replace 03 by 53. Next fix the two parameters #, and 03, and vary
the third parameter ;. Thereafter, fix (63, 60;) and vary 6, etc. Iterating this
procedure, we may compute a local maximum of the likelihood function.

1.2.2 Toric Models

Our second class of models with well-behaved likelihood functions are the toric
models, also known as exponential families. Let A = (a;;) be a non-negative
integer d x m matrix with the property that all column sums are equal:

d d d
Zail == Zaig = e = Zaim. (1.24)
i=1 i=1 i=1

The j-th column vector a; of the matrix A represents the monomial
d
0% = HG?” for j=1,2,...,n.
i=1

Our assumption (1.24) says that these monomials all have the same degree.
The toric model of A is the image of the orthant © = Rio under the map

1
2 e 0%
Note that we can scale the parameter vector without changing the image:
f(f) = f(A-6). Hence the dimension of the toric model f(R%;) is at most

d — 1. In fact, the dimension of f(RiO) is one less than the rank of A. The
denominator polynomial Z;nzl 0% is known as the partition function.

f: RS R™, 0 — (071, 0%, . 00m). (1.25)

Sometimes we are also given positive constants ¢y, ..., ¢, > 0 and the map
f is modified as follows:

bt (
> e €0

In a toric model, the logarithms of the probabilities are linear functions in the

f: RS R™, 6 +— 10, 002 .. .,cmeam). (1.26)

logarithms of the parameters ;. For that reason, statisticians refer to some
toric models as log-linear models . For simplicity we stick with the formulation
(1.25) but the discussion would be analogous for (1.26).

Maximum likelihood estimation for the toric model (1.25) means solving the
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following optimization problem
Maximize pi*---pm subject to (pi1,...,pm) € F(RZy). (1.27)

This optimization problem is equivalent to

m
Maximize 64 subject to 6 € R%, and ZG“J’ = 1. (1.28)
j=1
Here we are using multi-index notation for monomials in 6 = (61, ..., 64):
d m d d
v — HHQ?Z’J’“J’ _ Hegi1u1+ai2u2+---+aimum and 0% — Hegij'
i=1j=1 i=1 i=1

Writing b = Au for the sufficient statistic, our optimization problem (1.28) is

m
Maximize 6° subject to § € R%, and 29“1 = 1. (1.29)
j=1

2 10
0 1 2
sample size is NV = 51. Our problem is to maximize the likelihood function
039653 over all positive real vectors (61, 62) that satisfy 63 + 6102 + 63 = 1.
The unique solution (91, ég) to this problem has coordinates

Example 1.8 Let d =2, m=3, A = ( > and u = (11,17,23). The

p 1

0 = = \/1428 —51v277 = 0.4718898805 and
p 1

Oy = =1 \/2040 — 51 V277 = 0.6767378938.

The probability distribution corresponding to these parameter values is

p = (P12 ps) = (03,0:0,,03) = (0.2227,0.3193,0.4580).

Proposition 1.9 Fix a toric model A and data v € N™ with sample size

~

N =uy + - -+ uy, and sufficient statistic b = Au. Let p = £(0) be any local
maximum for the equivalent optimization problems (1.27),(1.28),(1.29). Then

1
P = —.b 1.
A-p N b (1.30)

Writing p as a column vector, we check that (1.30) holds in Example 1.8:

262 + 6,6, 1 /39 1
A-p = PN ~ = —_— = — . Au.
b (9192 + 295) 51 (63) N o



14 L. Pachter and B. Sturmfels

Proof We introduce a Lagrange multiplier \. Every local optimum of (1.29)

is a critical point of the following function in d 4+ 1 unknowns 6y, ..., 04, A:
m
0 + A (1= 6%9).
j=1

We apply the scaled gradient operator
0 0 0

H-Vg - (916—01,926—92, ,eda—ed)

to the function above. The resulting critical equations for 9 and p state that

@b = XD a5 = XNAPp

m
J=1

This says that the vector A-p is a scalar multiple of the vector b = Au. Since

the matrix A has the vector (1,1, ..., 1) in its row space, and since Z;nzl pj =1,
it follows that the scalar factor which relates the sufficient statistic b = A - u
to A -p must be the sample size Z;nzl uj = N. O

Given the matrix A € N and any vector b € R%, we consider the set
1
Pab) = {peR™: A.p= N-b and p; >0 forall j }.

This is a relatively open polytope. (See Section 2.3 for an introduction to
polytopes). We shall prove that P4(b) is either empty or meets the toric model
in precisely one point. This result was discovered and re-discovered many times
by different people from various communities. In toric geometry, it goes under
the keyword “moment map”. In the statistical setting of exponential families,
it appears in the work of Birch in the 1960’s. See [Agresti, 1990, page 168].

Theorem 1.10 (Birch’s Theorem) Fiz a toric model A and let u € N7, be
a strictly positive data vector with sufficient statistic b = Au. The intersection
of the polytope P4(b) with the toric model f(RiO) consists of precisely one
point. That point is the mazimum likelihood estimate p for the data u.

Proof Consider the entropy function

m
H :RY — Reo, (pr,--,pm) = — Y pi-log(pi).
i=1

This function is well-defined for nonnegative vectors because p; - log(p;) is 0
for p; = 0. The entropy function H is strictly concave in RZj, i.e.,

HXA-p+(1=X)-q) > X-H(p)+ (1—X)-H(q) forp#qgand0<A<1,
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because the Hessian matrix (82H / apiapj) is a diagonal matrix, with diagonal
entries —1/p1, —=1/pa, ..., —1/pm. The restriction of the entropy function H to
the relatively open polytope PA(% - b) is strictly concave as well, so it attains
its maximum at a unique point p* = p*(b) in the polytope PA(% -b).

For any vector u € R which lies in the kernel of A, the directional derivative
of the entropy function H vanishes at the point p* = (pi,...,p},):

OH OH OH
L ) 4+ - Iy = o 1.31
Since the derivative of x - log(z) is log(x) + 1, and since (1,1,...,1) is in the
row span of the matrix A, the equation (1.31) implies

0 = Zuj -log(p;) + Zuj = Zuj -log(p;) for all u € kernel(A).
j=1 j=1 j=1

(1.32)
This implies that (log(p’{), log(p3), ..., log(p;kn)) lies in the row span of A. Pick
a vector n* = (nj,...,n;) such that Z?Zl nia;; = log(p;) for all j. If we set
0F = exp(n/) fori=1,...,d then

d

d
p; = Hexp(nfaij) = H(H;-k)“” = 0%a, for j=1,2,...,m.
i=1 i=1

This shows that p* = £(6*) for some 6* € Rio, so p* lies in the toric model.
Moreover, if A has rank d then 6* is uniquely determined (up to scaling) by p* =
f(6). We have shown that p* is a point in the intersection Pa(3b) N f(RZ).

It remains to be seen that there is no other point. Suppose that g lies in
Py (%b) Nf(RY;). Then (1.32) holds, so that g is a critical point of the entropy
function H. Since the Hessian matrix is negative definite at ¢, this point is a

maximum of the strictly concave function H, and therefore ¢ = p*.

Let 8 be a maximum likelihood estimate for the data u and let p = f (5) be
the corresponding probability distribution. Proposition 1.9 tells us that p lies
in P4(b). The uniqueness property in the previous paragraph implies p = p*
and, assuming A has rank d, we can further conclude o = 0" a

Example 1.11 (Example 1.8 continued) Let d = 2, m = 3 and A =

01 2
segment. The maximum likelihood point p is characterized by the equations

(2 ! 0>. If by and by are positive reals then the polytope P4 (b1, bo) is a line

DU 1 - - 1 DU DU
2p1+Dp2 = by and po+2p3 = —-ba and p1-p3 = D2 P2
N N
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The unique positive solution to these equations equals

o= & (Hbi+ b5 VbR +14b1bo + o),
Pr = (=501 Loy + 1 V/bi?+ 141 by + by?),
Pz = %'(ﬁbrl-%bz—ll—g\/512-1-145152-1-522)-

The most classical example of a toric model in statistics is the independence
model for two random variables. Let X; be a random variable on [m;] and X»
a random variable on [mg]. The two random variables are independent if

Prob(X; =i,Xo=j) = Prob(X; =1)-Prob(Xz = j).

Using the abbreviation p;; = Prob(X; =i, X9 = j), we rewrite this as
mo mi
Pij = (Z Piv) - (prj) for all i € [mu],j € [ma].
v=1 pn=1

The independence model is a toric model with m = mq-mg and d = mi+mao.
Let A be the (m — 1)-dimensional simplex (with coordinates p;;) consisting of
all joint probability distributions. A point p € A lies in the image of the map

1

f:RY - R™ = 2 \Viljtm,); j
- s (917 ,Qd) = Zij 9i9j+m1 (0 93"' 1)Z€[m1]73€[m2]

if and only if X; and X5 are independent if and only if the m; x mo matrix
(pij) has rank one. The map f can be represented by a d x m matrix A whose
entries are in {0, 1}, with precisely two ones per column. Here is an example.

Example 1.12 As an illustration consider the independence model for a bi-
nary random variable and a ternary random variable (m; = 2, my = 3). Here

pP11 P12 P13 P21 P22 P23

0, /1 1 1 0 0 0
O O 0 0 1 1 1
A = 631 1 0 0 1 0 0
041 O 1 0 0 1 0
05 \ 0 0 1 0 0 1

This matrix A encodes the rational map f : R> — R?*3 given by

1 0105 6164 9195>
01,0205, 04,0 ' '
(01,0230, 64,05) —~ G5 0y 5 05) (9293 0204 0205

Note that f(IR)) consists of all positive 2 x 3 matrices of rank 1 whose entries
sum to 1. The effective dimension of this model is three, which is one less
than the rank of A. We can represent this model with only three parameters
(61, 03,0,), ranging over © = (0,1)3, by setting 6o = 1—0; and 5 = 1 —05 —0,.
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Maximum likelihood estimation for the independence model is easy: the op-

timal parameters are the normalized row and column sums of the data matrix.

Proposition 1.13 Let u = (ui;) be an mi X mo matriz of positive integers.
Then the maximum likelihood parameters 0 for these data in the independence
model are given by the normalized row and column sums of the matriz:

~ 1 ~ 1
0, = N Z U and  Opypm, = N Z Uy for p € [mq], v € [ma].
veE[ma] pe[ma)

Proof We present the proof for the case m; = 2, my = 3 in Example 1.12. The
general case is completely analogous. Consider the reduced parameterization

- 0103 0104 01(1 — 05 — 6y)
fe) = ((1—91>93 (1—6,)6; (1—91><1—93—e4>>'

The log-likelihood function equals

00) = (uir +wuiz +wui3) -log(f1) + (u21 + uge + uoz) -log(l —61)
+(uri+ug1) - log(03) + (uiz+ug2) - log(0s) + (wiz+us2s3) - log(1—03—6y).

Taking the derivative of £(#) with respect to 61 gives

ol untuwiztuiy Ui+ ugo + usg
891 91 1— 91
Setting this expression to zero, we find that
~ w1l + u12 + u13 1
0 = = — (U171 + u12 +uys).
! u1 + u12 + w1z + u21 + uge + u23 N (w1 + vz + was)

Similarly, by setting 9¢/003 and 0¢/00, to zero, we get

~ 1 ~

1
03 = N (u11 + u21) and 0y = N (u12 + u22). U

1.3 Expectation maximization

In the last section we saw that linear models and toric models enjoy the prop-
erty that the likelihood function has at most one local maximum. Unfortu-
nately, this property fails for most other algebraic statistical models, including
the ones that are actually used in computational biology. A simple example of
a model whose likelihood function has multiple local maxima will be featured
in this section. For many models that are neither linear nor toric, statisti-
cians use a numerical optimization technique called Fxpectation-Mazximization

(or EM for short) for maximizing the likelihood function. This technique is
known to perform well on many problems of practical interest. However, it
must be emphasized that EM is not guaranteed to reach a global maximum.
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Under some conditions, it will converge to a local maximum of the likelihood
function, but sometimes even this fails, as we shall see in our little example.

We introduce Expectation-Maximization for the following class of algebraic
statistical models. Let F = (f;;(f)) be an m x n matrix of polynomials
(or rational functions, as in the toric case) in the unknown parameters 6 =
(01,...,04). We assume that the sum of all the f;;(#) equals the constant 1,
and there exists an open subset © C R? of admissible parameters such that
fij(0) > 0 for all # € ©. We identify the matrix F' with the polynomial map
F : RY — R™" whose coordinates are the f;;(6). Here R™*" denotes the
mn-dimensional real vector space consisting of all m x n matrices. We shall
refer to F' as the hidden model or the complete data model.

The key assumption we make about the hidden model F' is that it has
an easy and reliable algorithm for solving the maximum likelihood problem
(1.19). For instance, F' could be a linear model or a toric model, so that the
likelihood function has at most one local maximum in ©, and that this global
maximum can be found efficiently and reliably using the techniques of convex
optimization. For special toric models, such as the independence model and
certain Markov models, there are simple explicit formulas for the maximum
likelihood estimates. See Propositions 1.13, 1.17 and 1.18 for such formulas.

Consider the linear map which takes an mxmn matrix to its vector of row sums

n n n
p: R™™ - R™ G=(gij) — (§:9u7§:9%3~-,§:9mﬂ-
=1 =1 =1

The observed model is the composition f = poF' of the hidden model F' and the
marginalization map p. The observed model is the one we really care about:

f:oRYS R, 0= (D f1500),) 0 f250), ., fms(0)).  (1.33)
j=1 j=1 j=1

Hence f;(0) = >, fij(0). The model f is also known as partial data model.

Suppose we are given a vector u = (uy,ug, ..., U,) € N™ of data for the
observed model f. Our problem is to maximize the likelihood function for these
data with respect to the observed model:

maximize Lgps(0) = f1(0)" f2(0)"2 -+ fr(0)"™  subject to 0 € ©. (1.34)

This is a hard problem, for instance, because of multiple local solutions. Sup-
pose we have no idea how to solve (1.34). It would be much easier to solve the
corresponding problem for the hidden model F' instead:

maximize Lpig(0) = f11(0)"* -+ frn(6)“™™  subject to 6 € ©. (1.35)

The trouble is, however, that we do not know the hidden data, that is, we do
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not know the matrix U = (u;;) € N™*". All we know about the matrix U is
that its row sums are equal to the data we do know, in symbols, p(U) = u.
The idea of the EM algorithm is as follows. We start with some initial guess
what the parameter vector # might be. Then we make an estimate, given 0,
of what we expect the hidden data U should be. This latter step is called
the expectation step (or E-step for short). Note that the expected values for
the hidden data vector to not have to be integers. Next we solve the problem
(1.35) to optimality, using the easy and reliable subroutine which we assumed is
available for the hidden model F'. This step is called the maximization step (or
M-step for short). Let 6* be the optimal solution found in the M-step. We then
replace the old parameter guess # by the new and improved parameter guess
0*, and we iterate the process E 4 M - E—- M — E —- M — .- until we
are satisfied. Of course, what needs to be shown is that the likelihood function
increases during this process and that the sequence of parameter guesses 6
converges to a local maximum of Lyys(6). We present the formal statement of
EM algorithm in Algorithm 1.14. As before, it is more convenient to work with
log-likelihood functions instead of the likelihood functions, and we abbreviate

lops(0) = log(Lobs(H)) and lhia(0) = log(Lhid(H)).

Algorithm 1.14 (EM Algorithm)
Input: An m x n matrix of polynomials f;;(#) representing the hidden model
F and observed data u € N™.

Output: A proposed maximum B c©cRe of the log-likelihood function
Lops(0) for the observed model f.

Step 0:  Select a threshold ¢ > 0 and select starting parameters 6 € ©
satisfying f;;(0) > 0 for all 4, j.
E-Step: Define the expected hidden data matriz U = (u;;) € R™*" by

fi®)  wi
2 i fii (0) fi(9)

M-Step: Compute the solution 8* € © to the maximum likelihood problem
(1.35) for the hidden model F' = (f;;).

Step 3: If lops(0*) — Lops(0) > € then set 6 :=60* and go back to the E-Step.
Step 4: Output the parameter vector 9 = 0* and the corresponding proba-

~

bility distribution p = f(#) on the set [m].

uij = Uy -

fi5(0).

The justification for this algorithm is given by the following theorem.

Theorem 1.15 The value of the likelihood function increases during each it-
eration of the EM algorithm, namely, if 0 is chosen in the open set © prior to
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the E-step and 0* is computed by one E-step and one M-step then Lops(0) <

Lops(60%). Equality holds if 0 is a local mazimum of the likelihood function.

Proof We use the following fact about the logarithm of a positive number z:
log(z) < x—1 with equality if and only if = =1. (1.36)

Let w € N™ and 6 € © be given prior to the E-step, let U = (u;;) be the
matrix computed in the E-step, and let 6* € © be the vector computed in the
subsequent M-step. We consider the difference between the values at 0* and 6
of the log-likelihood function of the observed model:

Cops(0%) — Lops(0) = Z“ - [log(f£:(6%)) — log(f:(6))]

= ZZU@) IOg fzy ))_IOg(fZJ(e))]

=1 j=1

o (1oe(F0)y N~ ful07)
+ZZ <1g(fi(9)) Zui : (fm())>

j=1

The double-sum in the middle equals £p;q(6%) — £;q(6). This difference is non-
negative because the parameter vector 6* was chosen so as to maximize the
log-likelihood function for the hidden model with data (u;;). We next show
that the last sum is non-negative as well. The parenthesized expression equals

fz(e*) = %O fzy(e*) o fz 9* fzy flj(e)
(@) T L @) T e Z o8l 7))

We rewrite this expression as follows
n fi(0) fi(0%) fi; (0) fi; (0)
Zj:l ff(e) -log( f:(0) ) + Zg 1 ff(e IOg(fij](e*))
_ n fi;(0) fi(0%) . fii(6)
= Yie T los(55@ - Ty )-

This last expression is non-negative. This can be seen as follows. Consider the

(1.37)

non-negative quantities
( - (0*
T = 1is(0) and o; = T *)
fi(0) fi(6%)
We have m +---4+m, = 01 +---+1i, = 1, so the vectors m and o can be re-
garded as probability distributions on the set [n]. The expression (1.37) equals

for j=1,2,...,n.

the Kullback-Leibler distance between these two probability distributions:

n n

H(xllo) = Y (-= >log(é) > Y (-my)-(1-2) = 0. (1.38)

.
j=1 j=1 J
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The inequality follows from (1.36). Equality holds in (1.38) if and only if 7 = 0.

By applying a Taylor expansion argument to the difference £yp5(60*) —Cops (),
one sees that every local maximum of the log-likelihood function is a sta-
tionary point of the EM algorithm, and, moreover, every stationary point
of the EM algorithm must be a critical point of the log-likelihood function
[Wu and Jeff, 1983]. m

The remainder of this section is devoted to a simple example which will
illustrate the EM algorithm and the issue of multiple local maxima for ¢(6).

Example 1.16 Our data are two DNA sequences of length 40:

ATCACCAAACATTGGGATGCCTGTGCATTTGCAAGCGGCT

1.39
ATGAGTCTTAAACGCTGGCCATGTGCCATCTTAGACAGCG ( )

We wish to test the hypothesis that these two sequences were generated by
DiaNA using one biased coin and four tetrahedral dice, each with four faces
labeled by the letters A, C, G and T. T'wo of her dice are in her left pocket, and
the other two dice are in her right pocket. Our model states that DiaNA gen-
erated each column of this alignment independently by the following process.
She first tosses her coin. If the coin comes up heads, she rolls the two dice in
her left pocket, and if the coin comes up tails she rolls the two dice in her right
pocket. In either case DiaNA reads off the column of the alignment from the
two dice she rolled. All dice have a different color, so she knows which of the
dice correspond to the first and second sequences.

To represent this model algebraically, we introduce the vector of parameters

0 = (7, AL AGAG AT AL AS A& AT, Pis P8 P&s PTs Pis Pes P PT ) -

The parameter w represents the probability that DiaNA’s coin comes up heads.
The parameter /\3» represents the probability that the i-th dice in her left pocket
comes up with nucleotide j. The parameter p’ represents the probability that
the i-th dice in her right pocket comes up with nucleotide j. In total there are
d = 13 free parameters because

MANFNTN = phtpetoetpr = 1 for i =1,2.
More precisely, the parameter space in this example is a product of simplices
O = A; x Ag3x Az x AzxAs.

The model is given by the polynomial map
f: RY — RY™ 0 (f;) where f;; = 7T'/\Zl'/\?—|—(1—7r)-p}-p?. (1.40)

The image of f is an 11-dimensional algebraic variety in the 15-dimensional
probability simplex A, namely, f(©) consists of all non-negative 4 x 4 matrices
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of rank at most two having coordinate sum 1. The difference in dimensions
(11 versus 13) means that this model is non-identifiable: the preimage f=1(v)
of a rank 2 matrix v € £f(0) is a surface in the parameters space ©.

Now consider the given alignment (1.39). Each pair of distinct nucleotides
occurs in precisely two columns. For instance, the pair CG occurs in the third
and fifth columns of (1.39). Each of the four identical pairs of nucleotides
(namely AA, CC, GG and TT) occurs in precisely four columns of the alignment.
We summarize our data in the following 4 x 4 matrix of counts:

A C G T
A 2 2 2
cl2 4 2 2
u = cla 2 4 9 (1.41)
T\2 2 2 4

Our goal is to find parameters § which maximize the log-likelihood function

lons(0) = 4-> log(fi(0)) + 2 log(fi;(0)),
i i+
Here the summation indices i, j range over {A,C,G,T}. Maximizing Zps(6)
means finding a 4 x 4 matrix f(6) of rank 2 that is close (in the statistical
sense of maximum likelihood) to the empirical distribution (1/40) - u.

We apply the EM algorithm to this problem. The hidden data is the de-
composition of the given alignment into two subalignments according to the
contributions made by dice from DiaNA’s left and right pocket respectively:

Uy = uéj + uj; forall 1,5 € {A,C,G,T}.
The hidden model equals

F - R13 _ R2X4X4, 9»—)( iljv er)

where Z-lj = 7 AN and f = (1—m)-p}-p}
The hidden model consists of two copies of the independence model for two
random variables on {A, C, G, T}, one copy for left and the other copy for right.
In light of Proposition 1.13, it is easy to maximize the hidden likelihood func-
tion Lp;q(0): we just need to divide the row and column sums of the hidden
data matrices by the grand total. This is the M-step in our algorithm.

The EM algorithm starts in Step 0 by selecting a vector of initial parameters

0 = (m, (A A& Mg M)y (A A&, A&, AD), (p1y pEs & P1)- (Phs P8y PG 7)) (1.42)

Then the current value of the log-likelihood function equals

lovs(0) = > wij-log(m- AL A2+ (L—m) pl - p?). (1.43)
]
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In the E-step we compute the expected hidden data by the following formulas:
AL /\5

LA+ (=) el ]

Ui = U for i,j € {A,C,G, T},

o e (L—m)pi - p}
Y 7T'/\Zl-/\§+(1—7r)-p}'p?

i for i,j € {A,C,G, T}.

In the subsequent M-step we now compute the maximum likelihood parameters
0 = (7T*, A .,p%*) for the hidden model F. This is done by taking
éj) and the matrix (uj;), and by
defining the next parameters m to be the relative total counts of these two
matrices. In symbols, in the M-step we perform the following computations:

row sums and column sums of the matrix (u

A= %Zjuij and pl* = %Zjuzj for i€ {AC,G,T},
DY

/\?* = &> ;ul. and p?* = Ul for j e {AC,G,T}.

ij
Here N = > uij = >, uéj +>_;j uj; is the sample size of the data.

After we are done with the M-step, the new value £y5(0*) of the likelihood
function is computed, using the formula (1.43). If £yp5(60*) — ops(0) is small
enough then we stop and output the vector 0 = 0* and the corresponding 4 x 4
matrix f (5) Otherwise we set § = * and return to the E-step.

Here are four numerical examples for the data (1.41) with sample size N =
40. In each of our experiments, the starting vector 6 is indexed as in (1.42).

Experiment 1: We pick uniform starting parameters

6 = (0.5, (0.25,0.25,0.25,0.25), (0.25,0.25,0.25,0.25),
(0.25,0.25,0.25,0.25), (0.25,0.25,0.25,0.25) ).

The parameter vector 0 is a stationary point of the EM algorithm, so after
one step we output 6 = . The resulting estimated probability distribution on
pairs of nucleotides is the uniform distribution

~ 1

f(0) = G lops(0) = —110.903548889592...

—_ = =

11
11
11
11

—_ = =

Here 0 is a critical point of the log-likelihood function EobsA(H) but it is not a

local maximum. The Hessian matrix of £,5(60) evaluated at 6 has both positive
and negative eigenvalues. The characteristic polynomial of the Hessian equals

2(z — 64)(z — 16)%(2 + 16)%(z + 64)(z + 80)*(z + 320)%
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Experiment 2: We decrease the starting parameter A} and we increase A\}:

6 = (05 (0.2,0.3,0.25,0.25), (0.25,0.25,0.25,0.25),
(0.25,0.25,0.25,0.25), (0.25,0.25,0.25,0.25) ).

Now the EM algorithm converges to a distribution which is a local maximum:

33 3
lops(0) = —110.152332481077...

-
—
s
S~—
I
W W w o
= s
e~
=~ s

The Hessian of £,5(6) at 0 has rank 11, and all eleven non-zero eigenvalues are
distinct and negative.

Experiment 3: We next increase the starting parameter p}\ and we decrease pé:

6 = (05, (0.2,0.3,0.25,0.25), (0.25,0.25,0.25,0.25),
(0.3,0.2,0.25,0.25), (0.25,0.25,0.25,0.25) ).

The EM algorithm converges to a distribution which is a saddle point of £ps:

4 2 3 3
~ 1 2 4 3 3 ~
= —. = —110.223952742410...
33 3 3

The Hessian of £y5(0) at 0 has rank 11, with nine eigenvalues negative.
Experiment 4: Let us now try the following starting parameters:

= (05  (0.2,0.3,0.25,0.25), (0.25,0.2,0.3,0.25),
(0.25,0.25,0.25,0.25), (0.25,0.25,0.25,0.25) ).

The EM algorithm converges to a probability distribution which is a local
maximum of the likelihood function, which is better than the local maximum
found previously in Experiment 2. The new winner is

3 3
lops() = —110.098128348563...

W W NN
LW W NN

3
2
2

W
(an)
NN W

All 11 nonzero eigenvalues of the Hessian of £,5(6) are distinct and negative.

We repeated this experiment many more times with random starting values,
and we never found a parameter vector that was better than the one found in



Statistics 25

Experiment 4. Based on this, we would like to conclude that the maximum
value of the observed likelihood function is attained by our best solution:

216 . 324

maX{Lobs(Q) : 0e @} = W = 6_110'0981283. (144)

Assuming that this conclusion is correct, let us discuss the set of all optimal
solutions. Since the data matrix u is invariant under the action of the symmet-
ric group on {A,C,G, T}, that group also acts on the set of optimal solutions.
There are three matrices like the one found in Experiment 4:

33 2 9 32 3 9 32 2 3

1 (33 2 2 1 (2 3 2 3 1 (2 3 3 2

w0l2 233 w3232 ™ w2332 149
2 2 3 3 2 3 2 3 32 2 3

The preimage of each of these matrices under the polynomial map f is a surface
in the space of parameters 6, namely, it consists of all representations of a rank
2 matrix as a convex combination of two rank 1 matrices. The topology of
such “spaces of explanations” were studied in [Mond et al., 2003]. The finding
(1.44) indicates that the set of optimal solutions to the maximum likelihood
problem is the disjoint union of three “surfaces of explanations”.

But how do we know that (1.44) is actually true? Does running the EM
algorithm 100, 000 times without converging to a parameter vector whose like-
lihood is larger constitute a mathematical proof? Can it be turned into a
mathematical proof? Algebraic techniques for addressing such questions will
be introduced in Section 3.3. For a numerical approach see Chapter 20.

1.4 Markov models

We now introduce Markov chains, hidden Markov models and Markov models
on trees, using the algebraic notation of the previous sections. While our
presentation is self-contained, readers may find it useful to compare with the
(more standard) description of these models in [Durbin et al., 1998] or other
text books. A natural point of departure is the following toric model.

1.4.1 Toric Markov chains

We fix an alphabet 3 with [ letters, and we fix a positive integer n. We shall
define a toric model whose state space is the set %™ of all words of length n.
The model is parameterized by the set © of non-negative [ x [ matrices. Thus
the number of parameters is d = [?> and the number of states is m = [™.
Every toric model with d parameters and m states is represented by a d x m
matrix A with integer entries as in Section 1.2. The d x m matrix which
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represents the toric Markov model will be denoted by A; ,,. Its rows are indexed
by 32 and its columns indexed by ¥". The entry of the matrix A in the
row indexed by the pair o109 € ¥? and the column indexed by the word
My T, € X" is the number of occurrences of the pair inside the word, i.e.,
the number of indices i € {1,...,n—1} such that o109 = m;m;11. We define the
toric Markov chain model to be the toric model specified by the matrix A ,,.

For a concrete example let us consider words of length n = 4 over the binary
alphabet ¥ = {0,1}, so that l =2, d = 4 and m = 16. The matrix Ay 4 which
was defined in the previous paragraph is the following 4 x 16 matrix:

0000 0001 0010 0011 0100 0101 0110 0111 1000 1001 1010 1011 1100 1101 1110 1111
owr/3 2171710 0 0 2 1 0 0 1 0 0 O

orfo 1 1 1 1 2 1 1 0 1
0,0 0 1 0 1 1 1 0 1 1
11\0 o 0 1 o0 0 1 2 0 O

S N =

1 0 1 0 O
1 1 1 1 0
1 1 1 2 3

We write R?*? for the space of 2 x 2 matrices

0 - (900 901>
6o b1
The parameter space © C R?*? consists of all matrices # whose four entries
t;; are positive. The toric Markov chain model of length n = 4 for the binary
alphabet (I = 2) is the image of © = RZ? under the monomial map
1

. 2x2 16
fou : R - R”, 0 — — - (P0000s P00 - - -5 P1111);
Zijklpwkl

R 4
where Divigiziy = Giliz . 91213 . 9@'3@'4 for all 11121314 € {0, 1} .

The map fj,, is defined analogously for larger alphabets and longer sequences.

The toric Markov chain model f;4(©) is a three-dimensional object inside
the 15-dimensional simplex A which consists of all probability distributions on
the state space {0, 1}%. Algebraically, the simplex is specified by the equation

P0000 + Pooo1 + Poo1o + Poo11 + -+ pi11o +piinn = 1L (1.46)

where the p;;r; are unknowns which represent the probabilities of the 16 states.
To understand the geometry of the toric Markov chain model, we examine the
matrix As 4. The 16 columns of Aj 4 represent twelve distinct points in

22
{ (ugo, wo1, w10, u11) € R? ¢ wgo + o1 +uro+uiy = 3}~ R3.

The convex hull of these twelve points is the three-dimensional polytope de-
picted in Figure 1.1. We refer to Section 2.3 for a general introduction to
polytopes. Only eight of the twelve points are vertices of the polytope.
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Fig. 1.1. The polytope of the toric Markov chain model f3 4(©).

Polytopes like the one in Figure 1.1 are important for parametric inference
in computational biology. In particular, we shall see in Chapter 10 that Viterb:
sequences of Markov chains correspond to vertices of the polytope of f; ,(0©).

The adjective “toric” is used for the toric Markov chain model f;4(©) be-
cause f 4 is a monomial map, and so its image is a toric variety. (An in-
troduction to varieties is given in Section 3.1). Every variety is characterized
by a finite list of polynomials that vanish on that variety. In the context of
statistics, these polynomials are called model invariants. A model invariant is
an algebraic relation that holds for all probability distributions in the model.
For a toric model these invariants can be derived from the geometry of its
polytope. We explain this derivation for the toric Markov chain model f; 4(©).

The simplest model invariant is the equation (1.46). The other linear invari-
ants come from the fact that the matrix As 4 has some repeated columns:

Poiio = Pio1i1 = Pi11o1 and Pooio = Poioo = P1001- (1-47)

These relations state that A4 is a configuration of only 12 distinct points.
Next there are four relations which specify the location of the four non-vertices.
Each of them is the midpoint on the segment between two of the eight vertices:

2 2

Poo11 = Pooo1Po111 P1oo1 = P0001P1010, 1 48)
> _ 2 (1.

P1100 = P1000P1110 P1101 = Po1oiP1110-
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For instance, the first equation pgon = pooo1Po111 corresponds to the following
additive relation among the fourth, second and eighth column of Aj 4:

2(1717071) = (2717070) + (0717072)

The remaining eight columns of A4 are vertices of the polytope depicted
above. The corresponding probabilities satisfy the following relations:

P0111P1010 = P0101P1110  P0111P1000 = P0001P1110  P0101P1000 = P0001P1010;
2 _ 2 2 _ 2 2 _ .2
Po111P1110 = P1010P1111  Po111P1110 = Po101P1111 P0001P1oo0 — PooooP1010,
2 ) 2 3 _ .3 2 2 3 _ .3 2
PooooPo101 = Ppoo1P1000  PpooooP1110 — PioooP1111 PooooPo111 = Pooo1P1i11-

These nine equations together with (1.46), (1.47) and (1.48) characterize the set
of distributions p € A that lie in the toric Markov chain model f; 4(©). Tools
for computing such lists of model invariants will be presented in Chapter 3.

1.4.2 Markov Chains

The Markov chain model is a submodel of the toric Markov chain model. Let
©7 denote the subset of all matrices 6 € RI;OI whose rows sum to one. The
Markov chain model is the image of ©; under the map f;,,. By a Markov
chain we mean any point p in the model f;,,(0;). This definition agrees with
the familiar description of Markov chains in [Durbin et al., 1998, Chapter 3],
except that we require the initial distribution at the first state to be uniform.
For instance, if [ = 2 then the parameter space ©1 is a square. Namely, 04
is the set of all pairs (6, #1) € R? such that the following matrix is positive:

- b 1—6o
b = (1—91 91>

The Markov chain model is the image of the square under the map f,. A
Markov chain of length n = 4 is any probability distribution of the form

1 1 1
P0000 = 598, P0001 = 59(2](1—90), P0010 = P1001 = P0100 = 590(1—90)(1—91),
1 1 ) 1 )
Poo1l = 590(1 —00)01, poin = 5(1 —00)*(1—61), poin = 5(1 — 0)07,
1 1 )
Po110 = P1011 = P1101 = 5(1 —00)01(1—61), Pio10 = 5(1 —01)°(1 —6o),

1 1 1 1
P1000 = 5(1—91)9(2), P1100 = 591(1—91)90, Pi110 = 59%(1—91), piiil = 59‘?-

Thus the Markov chain model is the surface in the 15-dimensional simplex A
given by this parameterization. It satisfies all the model invariants of the toric
Markov chain (a threefold in A) plus some extra model invariants due to the
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fact that probabilities must sum to 1, and the initial distribution is uniform.
For example,

1
P0o0oo + Pooo1 + Pooto + Pooil + Poioo + Poiol + Poito + Poilr = 3

We next discuss maximum likelihood estimation for Markov chains. Fix a
data vector u € N representing N observed sequences in . The sufficient
statistic v = A, -u € NZ s regarded as an [ x [ matrix. The entry vy,
in row o7 and column i of the matrix v equals the number of occurrences of
o1i9 € X2 as a consecutive pair in any of the N observed sequences.

Proposition 1.17 The mazimum likelihood estimate of the data u € N in
the Markov chain model is the | X | matriz 6 = (Hij) i ©1 with coordinates

o~ ’UZ
0i; = ——d where v = A, - u.

ZSEE Vis
Proof The likelihood function for the toric Markov chain model equals

A u o v o Vij
L(e) = 6% = ¢ = ] 67
ijex?

The log-likelihood function can be written as follows:

5(9) = Z (’Uil -log(eil) “+ Vio 'log(eiz) + v 'log(eu_l) + v -log(eil)).
i€X

The log-likelihood function for the Markov chain model is obtained by restrict-

ing this function to the set ©1 of [ x [ matrices whose row sums are all equal

to one. Therefore, ¢() is the sum over all ¢ € ¥ of the expressions

-1
v -log(6i1) +vig - log(i2) +- - -+ vi1—1 -1log(0i1—1) +vir - log(1 — Z 0is). (1.49)
s=1
These expressions have disjoint sets of unknowns for different values of the
index ¢ € ¥. To maximize £(f) over ©y, it hence suffices to maximize the
concave function (1.49) over the (I — 1)-dimensional simplex consisting of all
non-negative vectors (6;1,8;2,...,0;;-1) of coordinate sum at most one. By
equating the partial derivatives of (1.49) to zero, we see that the unique critical
point has coordinates 60;; = v;;/(vi1 + vi2 + - - - +vy) as desired. O

We next introduce the fully observed Markov model that underlies the hidden
Markov model considered in Subsection 1.4.3. We fix the sequence length n
and we consider a first alphabet X with [ letters and a second alphabet ¥ with
I' letters. The observable states in this model are pairs (o, 7) € X" x (X/)" of
words of length n. A sequence of N observations in this model is summarized
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in a matrix u € N"*()" where U(g,7) is the number of times the pair (o, 7)
was observed. Hence, in this model, m = (1 -1')".

The fully observed Markov model is parameterized by a pair of matrices
(0,0") where 6 is an | x | matrix and 6 is an [ x I’ matrix. The matrix 6
encodes a Markov chain as before: the entry ¢;; represents the probability of
transitioning from state i € ¥ to j € 3. The matrix 6’ encodes the interplay
between the two alphabets: the entry 0§j represents the probability of out-
putting symbol j € ¥/ when the Markov chain is in state i € X. As before in
the Markov chain model, we restrict ourselves to non-negative matrices whose
rows sum to one. To be precise, ©1 now denotes the set of pairs of matrices
(6,0') € R x Rl;(]l/ whose row sums are equal to one. Hence d = [(I+1'+2).

The fully observed Markov model is the restriction to ©1 of the toric model

F Rd — Rm, (0, 9/) = p = (pcrﬂ')

1
where Por = jﬁglﬁﬁglgz9;272902039;37390304 by, only . (1.50)
The computation of maximum likelihood estimates for this model is an easy
extension of the method for Markov chains in Proposition 1.17. The role of

the matrix A;,, for Markov chains is now played by the following linear map
A N X g N

The image of the basis vector e, corresponding to a single observation (o, 7)
under A is the pair of matrices (w,w’), where w,s is the number of indices i
such that o;0,11 = rs, and w.., is the number of indices i such that o;7; = rt.

Let v € N"X()" be a matrix of data. The sufficient statistic is the pair
of matrices A-u = (v,v'). Here v € NI and v € N, The likelihood
function Ljp;q: ©1 — R of the fully observed Markov model is the monomial

Lna(0) = 6-(0)".

Proposition 1.18 The mazimum likelihood estimate for the data u € N ()"
in the fully observed Markov model is the matriz pair (0,0') € ©1 with

o

Vij ~ ij
0;; = = and 0., = =" (1.51)
N D sex Vis Y Dtesy v}y
Proof This is entirely analogous to the proof of Proposition 1.17, the point
being that the log-likelihood function £5;4(6) decouples as a sum of expressions

like (1.49), each of which is easy to maximize over the relevant simplex. a
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1.4.3 Hidden Markov Models

The hidden Markov model f is derived from the fully observed Markov model
F by summing out the first indices o € X". More precisely, consider the map

p . RlnX(l/)n . R(l/)n

obtained by taking the column sums of a matrix with " rows and (I')™ columns.
The hidden Markov model is the algebraic statistical model defined by com-
posing the fully observed Markov model F' with the marginalization map p:

f = poF : 0 cR — RO, (1.52)

Here, d = [(I+1' —2) and it is natural to write R? = RI-1) x RU'=1) gince
the parameters are pairs of matrices (6,6'). We summarize:

Remark 1.19 The hidden Markov model is a polynomial map f from the
parameter space R x RU=1) 6 the probability space R()". The degree
of f in the entries of 6 is n — 1, and the degree of f in the entries of ¢ is n.

The notation in the definition in (1.52) is consistent with our discussion of
the Expectation Maximization (EM) algorithm in Section 1.3. Thus we can
find maximum likelihood estimates for the hidden Markov model by applying
the EM algorithm to f = po F.

Remark 1.20 The Baum-Welch algorithm is the special case of the EM al-
gorithm obtained by applying EM to the hidden Markov model f = po F.

The Baum-Welch algorithm in general, and Remark 1.20 in particular, are
discussed in Section 11.6 of [Durbin et al., 1998].

Example 1.21 Consider the occasionally dishonest casino which is featured
as running example in [Durbin et al., 1998]. In that casino they use a fair
die most of the time, but occasionally they switch to a loaded die. Our two
alphabets are ¥ = {fair, loaded} and ¥’ = {1,2,3,4,5,6} for the six possible
outcomes of rolling a die. Suppose a particular game involves rolling the dice
n = 4 times. This hidden Markov model has d = 12 parameters, appearing in

fair  loaded

fair T 1—2x
v = loaded (1 —y Y > and
1 2 3 4 5 6

g _ R (A b s fi f 130 0
- loaded ll lg l3 l4 l5 1 _Z?:1 lj '
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Presumably, the fair die is really fair, so that fi = fo = f3 = f4 = f5 = 1/6,
but, to be on the safe side, let us here keep the f; as unknown parameters

This hidden Markov model (HMM) has m = 6% = 1, 296 possible outcomes,
namely, all the words 7 = 777374 in (X')%. The coordinates of the map
f:R2 — R129 in (1.52) are polynomials of degree 7 = 3 + 4:

1
Primymsa = 2 Z Z Z Z 9;1710010292’272902039;373903049;474'

O1EX 09E€EX 03EX 04EN

Thus our HMM is specified by a list of 1,296 polynomials p, in the twelve
unknowns. The sum of all polynomials is 1. Each polynomial has degree three
in the two unknowns z,y and degree four in the ten unknowns f1, fo,..., (5.

Suppose we observe the game N times. These observations are our data.
The sufficient statistic is the vector (u,;) € N 1296 where u, = Ur ryryr, COUNtS
the number of times the output sequence 7 = T 797374 was observed. Hence
ZTG(E’)4 u; = N. The goal of EM is to maximize the log-likelihood function

g(l'vyvflv e '7f57l17 . '7l5) = Z UriToT374 'log(p717'27'37'4)7
rexs
where (z,y) ranges over a square, (fi,..., fs) runs over a 5-simplex, and so
does (I1,...,l5). Our parameter space ©; C R'? is the product of the square

and the two 5-simplices. The Baum-Welch algorithm (i.e., the EM algorithm
for the HMM) aims to maximize ¢ over the 12-dimensional polytope ©O1.

1.4.4 Tree Models

Markov chains and hidden Markov models are special instances of tree models,
a class of models which we discuss next. We begin by defining the fully observed
tree model, from which we then derive the hidden tree model. These models
relate to each other in the same way that the hidden Markov model is the
composition of the fully observed Markov model with a marginalization map.

Let T be a rooted tree with n leaves. We write N (T') for the set of all nodes
of T'. This set includes the root, which is denoted r, and the leaves, which
are indexed by [n] = {1,2,...,n}. The set E(T') of edges of T" is a subset
of N(T') x N(T'). Every edge is directed away from the root r. We use the
abbreviation kl for edges (k,l) € E(T). Every node i € N(T) represents a
random variable which takes values in a finite alphabet ;. Our tree models
are parameterized by a collection of matrices 0¥, one for each edge kil € E(T).
The rows of the matrix #¥ are indexed by ¥, and the columns are indexed by
3. As before, we restrict ourselves to non-negative matrices whose rows sum to
one. Let ©; denote the collection of tuples (0“ ) MEE(T) of such matrices. The
dimension of the parameter space ©; is therefore d = ZMGE(T) I2k(1%] —1).
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The fully observed tree model is the restriction to ©1 of the monomial map

Fr:R'—R™, 0= (0"),p — = (95)

1
Po = N . (1.53)
2| kl
€E(T)

Here m = [[,c y(r) [Xi]- The state space of this model is the Cartesian product
of the sets ;. A state is a vector o = (ai)ieN(T) where g; € ¥;. The factor
1/|%X¢| means that we are assuming the root distribution to be uniform.

The fully observed tree model Fr is (the restriction to ©1 of) a toric model.
There is an easy formula for computing maximum likelihood parameters in this
model. The formula and its derivation is similar to that in Proposition 1.18.

The hidden tree model fr is obtained from the fully observed tree model
Fr by summing out the internal nodes of the tree. Hidden tree models are
therefore defined on a restricted state space corresponding only to leaves of
the tree. The state space of the hidden tree model is »1 x Yo X - -+ x X, the
product of the alphabets associated with the leaves of T'. The cardinality of the
state space is m’ = |Xq|-|2a| - - -|3X,|. There is a natural linear marginalization
map pr : R™ — R™ which takes real-valued functions on [Lien(r) Xi toreal-
valued functions on [[, 3;. We have fr = pro Fr.

Proposition 1.22 The hidden tree model fr : RY — R™ is a multilinear
polynomial map. Each of its coordinates has total degree |E(T)|, but is linear
when regarded as a function of the entries of each matriz 0" separately.

The model fr described here is also known as the general Markov model on
the tree T, relative to the given alphabets ;. The adjective “general” refers to
the fact that the matrices #* are distinct and their entries obey no constraints
beyond non-negativity and rows summing to one. In most applications of tree
models, the parameters (0);;c g(T) are specialized in some manner, either by
requiring that some matrices are identical or by specializing each individual
matrix 0¥ to have fewer than |Si| - (|X;] — 1) free parameters.

Example 1.23 The hidden Markov model is a (specialization of the) hidden
tree model, where the tree T' is the caterpillar tree depicted in Figure 1.2.

In the HMM there are only two distinct alphabets: 3; = X for i €
N(T)\[n] and ¥; = X' for i € [n]. The matrices 0% are all square and
identical along the non-terminal edges of the tree. A second matrix is used for
all terminal edges.

Maximum likelihood estimation for the hidden tree model can be done with
the EM algorithm, as described in Section 1.3. Indeed, the hidden tree model
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Fig. 1.2. Two views of the caterpillar tree.

is the composition fr = pro Fr of an easy toric model Fr and the marginal-
ization map pr, so Algorithm 1.14 is directly applicable to this situation.

Tree models used in phylogenetics have the same alphabet 3 on each edge,
but the transition matrices remain distinct and independent. The two alpha-
bets most commonly used are ¥ = {0,1} and X = {A,C,G, T}. We present one
example for each alphabet. In both cases, the tree T is the claw tree, which
has no internal nodes other than the root: N(7') ={1,2,...,n,r}.

Example 1.24 Let ¥ = {0,1} and T the claw tree with n = 6 leaves. The
hidden tree model fr has d = 12 parameters. It has m = 64 states which
are indexed by binary strings i1igizisisis € X°. The model f7(©1) is the
12-dimensional variety in the 63-simplex given by the parameterization

Piyigigigisic = 9011 90@2 90@3 901490“ 9016 9111 91@2 91@39114 91@r 9116
If the root distribution is unspecified then d = 13 and the parameterization is
Piyisigisisic — /\001190@290@390@4901r 9016 (1 /\)9111911291139114911r 91@6 (154)
The algebraic geometry of Examples 1.24 and 1.25 is discussed in Section 3.2.
Example 1.25 Let ¥ = {A,C,G,T} and let T be the claw tree with n = 3

leaves. The hidden tree model f;r has m = 64 states which are the triples
ijk € ¥3. Writing A = (Aa, Ac, Ag, Ar) for the root distribution, we have

Dijk = AOSLOS205) + AOELOS205 + AGOELO205) + ArOELOR208). (1.55)

If X is unspecified then this model has d = 12+ 12 + 12 + 3 = 39 parameters.

If the root distribution is uniform, i.e., A = (i, i, i, i), then d =36 = 12 +

12 4+ 12. We note that the small Jukes-Cantor model in Example 1.7 is the
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three-dimensional submodel of this 36-dimensional model obtained by setting

A C G T
A/1-30, 0, 0, O
rv o C 91/ 1 _391/ 9,, 9,,
6 = & 0, 0, 1306, 0, for v € {1,2,3}.
T 911 91/ 01/ 1 _3911

The number of states drops from m = 64 in Example 1.25 to m = 5 in Example
1.7 since many of the probabilities p;;;. become equal under this specialization.

A key statistical problem associated with hidden tree models is model selec-
tion. The general model selection problem is as follows: suppose we have a data
vector u = (uy, . .., Un), a collection of models f*, ..., f¥ where fi : R% — R™,
and we would like to select a “good” model for the data. In the case where
di = --- = d,,, we may select the model f! whose likelihood function attains
the largest value of all. This problem arises for hidden tree models where there
the leaf set [n] and data are fixed, but we would like to select from among all
phylogenetic trees on [n] that tree which maximizes the likelihood of the data.
Since the number of trees grows exponentially when n increases, this approach
leads to combinatorial explosion. In applications to biology, this explosion is
commonly dealt with by using the distance-based techniques in Section 2.4.
Hidden tree models are studied in detail in Chapters 15 through 20.

1.5 Graphical models

Almost all the statistical models we have discussed in the previous four sections
are instances of graphical models. Discrete graphical models are certain alge-
braic statistical models for joint probability distributions of n random variables
X1, Xo, ..., X, which can be specified in two possible ways:

e by a parameterization f : R — R™ (with polynomial coordinates as before),

e by a collection of conditional independence statements.

Our focus in this section is the latter representation, and its connection to the
former via a result of statistics known as the Hammersley-Clifford Theorem,
which concerns conditional independence statements derived from graphs. The
graphs that underlie graphical models are key to developing efficient inference
algorithms, an important notion which is the final topic of this section and is
the basis for applications of graphical models to problems in biology.

We assume that each random variable X; takes its values in a finite alphabet
Y;. The common state space of all models to be discussed in this section is
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therefore the Cartesian product of the alphabets:
n
[z = SixSex-x3, (1.56)
i=1

and the number of states is m = [[;; |%;|. This number is fixed throughout
this section. A probability distribution on the state space (1.56) corresponds to
an n-dimensional table (pi,i,..i, ). We think of p; ;,..;, as an unknown which
represents the probability of the event X7 =11, Xo = io,..., X, = iy.

A conditional independence statement about X1, Xo, ..., X, has the form

A is independent of B given C' (in symbols: A 1L B|C), (1.57)

where A, B, C' are pairwise disjoint subsets of {X1, Xo,..., X, }. If C is the
empty set then (1.57) reads “A is independent of B” and is denoted by A 1L B.

Remark 1.26 The independence statement (1.57) translates into a set of
quadratic equations in the unknowns p;,..;,. The equations are indexed by

(HXZSA Ei> y <HX]§B Ej) < I = (1.58)

Xrpel

An element of the set (1.58) is a triple consisting of two distinct elements
a and o’ in [[y 4%, two distinct elements b and b in [y 3, and an
element ¢ in [y, .- Xk The independence condition A UL B|C' is equivalent
to the statement that, for all triples {a, a’}, {b, b’} and {c},

Prob(A=a,B=0,C =c)-Prob(A=d,B=V,C=¢)
—Prob(A=d',B=0b,C=¢) -Prob(A=a,B=V,C=¢) = 0.

To get our quadrics indexed by (1.58), we translate each of the probabilities
above into a linear form in the unknowns pj,;,....,. Namely, Prob(A =a, B =
b,C = c) is replaced by a marginalization which is the sum of all p; ,...i,
which satisfy

e for all X, € A, the X -coordinate of a equals i,,
e for all Xg € B, the Xg-coordinate of b equals ig, and
e for all X, € C, the X, -coordinate of ¢ equals .

We define Q411 5| ¢ to be the set of quadratic forms in the unknowns p;,iy...i,
which result from this substitution. Thus Q4 p|¢ is indexed by (1.58).
We illustrate the definition of the set of quadrics Q41 p|¢ with an example:

Example 1.27 Let n = 3 and 7 = is = i3 = {0, 1}, so that (pi1i2i3) is a
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2 x 2 x 2 table whose eight entries are unknowns. The independence statement

{X3} is independent of { X3} given {X;} describes the pair of quadrics
Qx,1ixs|x, = {P000Po11 — P001P010, P100P11L — P101P110 }- (1.59)

The statement {Xs} is independent of { X3} corresponds to a single quadric

Ox,ux; = { (pooo+pi00)(Por1+p111) — (Poor +pio1) (Poro+pi10) }- (1.60)

The set Qx, 1 {x,,x,} representing the statement {X;} is independent of
{ X2, X3} consists of the six 2 x 2 subdeterminants of the 2 x 4 matrix

(pooo Poo1  Po1o p011>' (1.61)
pPioo Pio1 Pi1io P11l

Each of these three statements specifies a model, which is a subset of the 7-
simplex A with coordinates pj,i,i;- The model (1.59) has dimension five, the
model (1.60) has dimension six, and the model (1.61) has dimension four.

In general, we write VA(A 1L B|C) for the family of all joint probability
distributions that satisfy the quadratic equations in Q41 p|c. The model
VA(A 1L B|C) is a subset of the (m — 1)-dimensional probability simplex A.

Consider any finite collection of conditional independence statements (1.57):

M = {A(l)JJ_B(l) |, A® 1 B@ @ . A 1 B0 |C(m)}'
We write Q¢ for the set of quadratic forms representing these statements:
Om = 2u0um|cm YU Luoup@ c@ U - U Qumupm |com-
The common zero set of these quadratic forms in the simplex A equals
VaM) = Va(AD L BW|cM)y n .o n VAl 1B | otm)y,

We call VA(M) the conditional independence model of M. This model is the
family of joint probability distributions which satisfy all the statements in M.

Example 1.28 Let n =3 and iy = i3 = i3 = {0, 1}. Consider the model
M = {Xi 1 Xo| X3, X1 1L X3| X5}
These two independence statements translate into four quadratic forms:
Om = {pooopno — P010P100 s P001P111 — P011P101 »

PoooP101 — P0o01P100 5, P010P111 — P011P110 }
The model VA(M) consists of three components. Two of them are tetrahedra
which are faces of the 7-dimensional simplex A. These two tetrahedra are
Xo=X3: {peA : poo1=poo=pior =p110=0}
Xo#X3:  {peA : pooo=por1 =pioo=pi1 =0}



38 L. Pachter and B. Sturmfels

Only the third component meets the interior of the simplex. That component
is the four-dimensional variety Va (X7 L {X2, X3}) which consists of all dis-
tributions p € A for which the 2 x 4 matrix in (1.61) has rank one. This
analysis shows that for strictly positive probability distributions we have

X1 iR X2 | X3 and X1 iR X3 | X2 implies X1 iR {Xg,Xg}, (162)

but there exist distributions under which some probabilities are zero such that
(1.62) is wrong.

We are now prepared to define graphical models, starting with the undirected
case. Let G be an undirected graph with vertices X7, Xo, ..., X,,. Let Mg
denote the set of all conditional independence statements

X AL X5 [{X0, . X\ X X (1.63)

where (X;, X;) runs over all pairs of nodes that are not connected by an
edge in G. In what follows we let AY denote the open probability simplex of
dimension m — 1. The Markov random field (or undirected graphical model or
Markov network) defined by the graph G is the model Vao(M). This is the
set of all strictly positive distributions which satisfy the statements in Mg.

In the literature on graphical models, the set M is known as the pairwise
Markov property on the graph G. There are also two larger sets of conditional
independence statements that can be derived from the graph, called the lo-
cal Markov property and the global Markov property [Lauritzen, 1996], which
specify the same variety Vao(Mg) in the open simplex A°. For simplicity, we
restrict our presentation to the pairwise Markov property (1.63).

Example 1.29 Let n = 4 and G the 4-chain graph (Figure 1.3). The graph
G is drawn with the random variables labeling the nodes, and shaded nodes
indicating that all random variables are observed.

O—O—O0—0O

Fig. 1.3. Graph of the 4-chain Markov random field.

There are 3 pairs of nodes not connected by an edge, so that

Me = {X1 X3 [{X2, Xa}, X1 AL Xy | {Xo, X3}, Xo 1L X4 | {X1, X3} }.
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For binary alphabets ¥; the set Qa4 consists of the twelve quadratic forms

P0010P1000 — P0000P1010 5 P0001P1000 — P0000P1001 » P0001P0100 — P0000P0101 5
Poo11P1001 — P0o001P1011 5 P0011P1010 — P0010P1011, P0011P0110 — P0010PO111 »
Po110P1100 — P0100P1110 5 P0101P1100 — P0100P1101 , P1001P1100 — P1000P1101 5

Po111P1101 — Po1o1P1111 5 Po111P1110 — Po110oP1111, P1011P1110 — P1o10P1111-

Every Markov random field Vao(Mg) is, in fact, a toric model specified
parametrically by a matrix Ag with entries in {0,1}. The columns of the
matrix A¢g are indexed by []; ;. The rows are indexed by all the possible
assignments to the maximal cliques in G. A clique in G is a collection of nodes
any of two of which are connected by an edge. If the graph G contains no
triangles (as in Example 1.29 then the maximal cliques are just the edges.

An entry in the matrix Ag is 1 if the states corresponding to the column
agree with the assignments specified by the row and is 0 otherwise. Returning
to Example 1.29, the matrix Ag has 16 columns, and 12 rows. The rows are
indexed by tuples (4, j, 0;, 0j) where {X;, X;} is an edge of the graph G and
o; € ¥; and o; € ;. The nonzero entries of Ag are therefore given by rows
(1,4,04,05) and columns w7y - - -7, where o; = m; and 0; = 7;:

0000 0001 0010 0011 0100 0101 0110 0111 1000 1001 1010 1011 1100 1101 1110 1111

o--y1 1 1 1 0 O O O O O O O O O 0 0
t-f0 0 0 o0 1 1 1 1 O O O O O O 0 O
-y 0 0 0 0o 0 0o o0 O0 1 1 1T 1 0 0 0 O
it--y 0 0 0 0 0 0O O O O O O O 1 1 1 1
-00.) 1710 0 0O 0O O O 1 1 0 0 0 0 0 O
-0ty 0 o 1 1 0O O O O O O 1T 1 0 0 0 O
-10-.y 0 0 0 o 1 1 0 O O O O O 1 1 0 O
-11-)0 0 o0 o0 o0 o0 1 1 o0 o0 0 O 0 0 1 1
--00017. 0 0 01 0o 0O O 1 0 O O 1 0 0 O
--01y o0 1.0 o 0o 1 0 0O O 1 0 O O 1 0 O
.10y 0 0 1.0 0 O 1 O O o 1 O 0 0 1 O
--11\0 0 O 1 o0 o0 o 1 o o0 o0 1 0 0 0 1

Each of the 12 rows corresponds to pairs in i1 X i9 or 49 X i3 Or i3 X i4. For
instance, the label -12- of the sixth row represents (4, j, 0;,05) = (2,3,1,2).
We note that each of the twelve quadrics in Example 1.29 corresponds to a
vector in the kernel of the matrix Ag. For instance, the quadric pggi10p1000 —
Poooop1010 corresponds to the following vector in the kernel of Aq:

0000 0001 0010 0011 0100 0101 0110 0111 1000 1001 1010 1011 1100 1101 1110 1111
(-1 0 1.0 0 0 0 01 0 10 0 0 0 0)
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The relationship between M and the matrix Ag generalizes as follows:

Theorem 1.30 (Undirected Hammersley-Clifford) The Markov random
field Vao(Mg) coincides with the toric model specified by the matriz Ag.

Proof See [Lauritzen, 1996] and [Geiger et al., 2005]. O

Markov random fields are toric because their defining conditional indepen-
dence statements A 1l B|C have the property that

AUBUC ={X1,Xy,...,X,,}. (1.64)

This property ensures that all the quadrics in Q4 p|¢ are differences of two
monomials of the form p..p.. — p..p... If the property (1.64) does not hold,
then the quadrics have more terms and the models are generally not toric.

Remark 1.31 It isimportant to note that the conditional independence state-
ments for a Markov random field are based on pairs of random variables not
joined by an edge in the graph. This should be contrasted with the parameters
in the toric model, where there are sets of parameters for each maximal clique
in the graph. The toric model parameters do not, in general, have an interpre-
tation as conditional probabilities. They are sometimes called potentials.

We now define directed graphical models which are generally not toric. We
also return to the closed simplex A. Let D be an acyclic directed graph with
nodes X1, Xo, ..., X,. For any nodes X;, let pa(X;) denote the set of parents
of X; in D and let nd(X;) denote the set of non-descendants of X; in D which
are not parents of X;. The directed graphical model of D is described by the
following set of independence statements:

Mp = {X; Lnd(Xy)|pa(X;) : i=1,2,...,n}.

The directed graphical model Va(Mp) admits a polynomial parameterization,
which amounts to a directed version of the Hammersley-Clifford theorem. Be-
fore stating this parameterization in general, we first discuss a small example.

Example 1.32 Let D be the directed graph with nodes 1, 2, 3, 4 and four edges
(17 2)7 (173)7 (274)7 (374) Then MD = { Xo —|-|—X3 | Xla Xy Xy | {X27X3} }
The quadrics associated with this directed graphical model are

Omp = { (poooo + Pooor) (o110 + Por11) — (Poo1o + Poo11) (Poroo + Poo1),
(P1000 + P1001) (1110 + P1111) — (P1o10 + P1o11)(P1100 + P1101),

PooooP1001 — P0001P1000 5 P0010P1011 — P0011P1010,
Po100P1101 — P0101P1100 s P0110P1111 — p0111p111o}-
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Fig. 1.4. The directed graphical model in Example 1.32

The model Va(Mp) is nine-dimensional inside the 15-dimensional simplex A.
We present this model as the image of a polynomial map Fp : R? — R!6,
The vector of 9 = 20 + 2 4+ 21 + 22 parameters for this model is written

0 = (a,bi, by, c1,co, di1, dig, do1, dao).

The letters a, b, ¢, d correspond to the random variables X1, Xo, X3, X4 in this
order. The parameters represent the probabilities of each node given its par-
ents. For instance, the parameter ds; is the probability of the event “ X, =1
given X9 = 2 and X3 = 1”. The coordinates of the map f : 0+ p are

poooo = a-by-cy-dn

P0001 a-by-cy-(1—diy)

pooto = a-by-(1—c1)-di2

P0011 a-by-(1—cp)-(1—dp2)

potoo = a-(1—"b1)-c1-do

Po101 a-(1—="0b1)-c1-(1—da)
porto = a-(1—b1)-(1—c1)-dao
Po111 a-(1—="0b1)-(1—ct)-(1—d)
pooo = (1—a)-ba-ca-dn

poor = (I1—a)-bz-ca-(1—dn)

proto = (1—a)-ba-(1—ca) di2

po1n = (I—a)-ba-(1—c2)-(1—di2)
prioo = (1—a) - (1—b2) co-dn

pior = (I—a)-(1—bz)-co-(1—dan)
prio = (1—a)- (1 —bg)-(1—c2) da
priin = (I1—a) - (1—0bg) - (1—c3)-(1—da).
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Note that the six quadrics in Qaq,, are zero for these expressions, and also

2 2 2 2

ZZ Zpijkl = L

i=1 j=1 k=1 I=1

Let us return to our general discussion, where D is an acyclic directed graph
on n nodes, each associated with a finite alphabet ;. It is known that the
dimension of the directed graphical model VA(Mp) equals

n
d = Y (== JI =l (1.65)
i=1 jepa(X;)
We introduce a parameter ¢, .y for each element (v,0) € X; x Hjepa(i) ¥;,
where ¢ ranges over all nodes. Thus the total number of parameters is d. These
parameters are supposed to satisfy the linear equations

Z Oy = 1 forall o€ H %5 (1.66)
vey; Jjepa(X;)
Thus the number of free parameters is equal to the right hand side of (1.65).
With the directed acyclic graph D we associate the following monomial map:
Fp :R* - R™, §— p
where po = [ 01, 00,0, forall o€l
Here o|,q(x;) denotes the restriction of the vector o to [];cpax;) ;- Let ©1

be the set of non-negative parameter vectors § € R? which satisfy (1.66). The
following theorem generalizes the result derived for the graph in Example 1.32.

Theorem 1.33 (Directed Hammersley-Clifford) The directed graphical
model VA(Mp) equals the image of the parameter space ©1 under the map Fp.

Proof See Theorem 3.27 in [Lauritzen, 1996] and Theorem 3 in [Garcia et al., 2004].
U

Remark 1.34 Suppose that D = T is a rooted tree with all edges directed
away from the root r. The directed graphical model VaA(Mp) is precisely
the fully observed tree model, and the parameterization Fp specializes to the
parameterization given in (1.53). It is known that the model VA(Mry) does
not depend on the location of the root r, and, in fact, the model coincides with
the Markov random field Va(M), where G denotes the undirected tree.

The inference problem for graphical models is to compute

> po, (1.67)

oes
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where S ranges over certain subsets of [[/; ;.

The evaluation of the sum in (1.67) may be performed using ordinary arith-
metic, or with the tropical semiring, using min instead of +, and + instead
of x, and replacing p, with the negative of its logarithm (see Section 2.1).
In the case where S = [ %;, (1.67) is equivalent to computing the parti-
tion function. If S is not equal to the entire product of the alphabets, then
it often fixes some of the coordinates. Here the inference problem involves a
marginalization, which we think of as evaluating one coordinate polynomial of
the model. Both of these problems are important statistically and very rele-
vant for biological applications. For example, if some of the variables X; of
a Markov random field or directed graphical model D are hidden, then this
gives rise to a marginalization map pp and to a hidden model fp = ppo Fp.
Evaluating one coordinate of the polynomial map fp, also known as mazimum
a posteriori (MAP) inference , is therefore exactly the evaluation of a subsum
of the partition function. The case of trees (discussed in Remark 1.34) is of
particular interest in computational biology. More examples are discussed in
Chapter 2, and connections to biology are developed in Chapter 4.

Remark 1.35 If inference with a graphical model involves computing the par-
tition function tropically, then the model is referred to as discriminative. In
the case where a specific coordinate(s) are selected before summing (1.67), then
the model is generative. These terms are used in statistical learning theory.

Inference can be computationally nontrivial for two reasons. In order to
compute the partition function, the number of terms in the sum is equal to m
which can be very large since many applications of graphical models require
that the models have large numbers of random variables. One may easily
encounter n = 200 binary random variables, in which case

m = 1606938044258990275541962092341162602522202993782792835301376.

The success of graphical models has been due to the possibility of efficient
inference for many models of interest. The organizing principle is the general-
ized distributive law which gives a recursive decomposition of (1.67) according
to the graph underlying the model.

Rather than explaining the details of the generalized distributive law in
general, we illustrate its origins and application with the hidden Markov model:

Example 1.36 Recall that the hidden Markov model is a polynomial map
f from the parameter space RI(—1 x RU'~1) to the probability space R()™.
Consider the case n = 4. If we treat the hidden Markov model as a special case

of the tree model (compare Figure 1.5 with Figure 1.2), allowing for different
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parameters on each edge, then a coordinate polynomial is
S E E E E X1Y1 g X1 X2 gXoY2 g X2 X3 9 X3Y3 9. X3 X4 9 X4 Yy
p]1]2]3]4 - 91131 1112 91232 91213 90;3; 90;@4 9@434 :
11EX 19EX 13EN 14E€D

This sum pj, j,j,5, can be rewritten as follows:

Z gX1Yi Z g1 X2 pXo Yo Z X2 X3 X5 Z X3 X1 pXaYi

21J1 1122 2272 1213 2373 134 144
i1EX i9€EX i3€EXN A

The graph for the hidden Markov model is shown in Figure 1.5. Note that
the unshaded nodes correspond to random variables which are summed in the
marginalization map, thus resulting in one sum for each unshaded node.

OO O—O

® ® ®

Fig. 1.5. Graph of the hidden Markov model.

This connection between graphs and recursive decompositions is exactly
what is made precise by the junction tree algorithm (or sum-product algorithm
or generalized distributive law [Aji and McEliece, 2000]). Note that in terms
of algorithmic complexity, the latter formulation, while equivalent to the first,
requires only O(n) additions and multiplications for an HMM of length n in
order to compute pj, j,...j,. The naive formulation requires O(I") additions.

The inference problem for graphical models can be formulated as an in-
stance of a more general marginalization of a product function (MPF) prob-
lem. Formally, suppose that we have n indeterminates x1, ..., x, taking on
values in finite sets Aq,...,A,. Let R be a commutative semiring and «; :
Ay x Ay---x A, — R (i=1,...,m) be functions with values in R. The MPF
problem is to evaluate, for a set S = {ji,...,J,} C [n],

M
ﬁ(s) = @ @Oéi(l'l,...,xn).

Tjy €A1’1 ,...,(EjTGAjT i=1

Two important semirings R which make their appearance in the next chapter

are the tropical semiring (or min-plus algebra, in Section 2.1) and the polytope
algebra (in Section 2.3).
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Many of the algorithms used for biological sequence analysis are discrete al-
gorithms, i.e., the key feature of the problems being solved is that some opti-
mization needs to be performed on a finite set. Discrete algorithms are comple-
mentary to numerical algorithms, such as Expectation Maximization, Singular
Value Decomposition and Interval Arithmetic, which make their appearance
in later chapters. They are also distinct from algebraic algorithms, such as the
Buchberger Algorithm, which is discussed in Section 3.1. In what follows we
introduce discrete algorithms and mathematical concepts which are relevant
for biological sequence analysis. The final section of this chapter offers an anno-
tated list of the computer programs which are used throughout the book. The
list ranges over all three themes (discrete, algebraic, numerical) and includes
software tools which are useful for research in computational biology.

Some discrete algorithms arise naturally from algebraic statistical models,
which are characterized by finitely many polynomials, each with finitely many
terms. Inference methods for drawing conclusions about missing or hidden
data depend on the combinatorial structure of the polynomials in the algebraic
representation of the models. In fact, many widely used dynamic programming
methods, such as the Needleman-Wunsch algorithm for sequence alignment,
can be interpreted as evaluating polynomials, albeit with tropical arithmetic.

The combinatorial structure of a polynomial, or polynomial map, is encoded
in its Newton polytope. Thus every algebraic statistical model has a Newton
polytope, and it is the structure of this polytope which governs dynamic pro-
gramming related to that model. Computing the entire polytope is what we
call parametric inference. This computation can be done efficiently in the poly-
tope algebra which is a natural generalization of tropical arithmetic. In Section
2.4 we study the combinatorics of one of the central objects in genome analysis,
phylogenetic trees, with an emphasis on the neighbor joining algorithm.

45
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2.1 Tropical arithmetic and dynamic programming

Dynamic programming was introduced by Bellman in the 1950s to solve se-
quential decision problems with a compositional cost structure. Dynamic pro-
gramming offers efficient methods for progressively building a set of scores or
probabilities in order to solve a problem, and many discrete algorithms for bio-
logical sequence analysis are based on the principles of dynamic programming.
A convenient algebraic structure for stating various dynamic programming
algorithms is the tropical semiring (R U {oc},®,®). The tropical semiring
consists of the real numbers R, together with an extra element oo, and with
the arithmetic operations of addition and multiplication redefined as follows:

x @y := min(z,y) and Ty = x+uy.

In other words, the tropical sum of two real numbers is their minimum, and
the tropical product of two numbers is their sum. Here are some examples of
how to do arithmetic in this strange number system. The tropical sum of 3
and 7 is 3. The tropical product of 3 and 7 equals 10. We write this as follows:

37 = 3 and 367 = 10.

Many of the familiar axioms of arithmetic remain valid in the tropical semir-
ing. For instance, both addition and multiplication are commutative:

TPy = yPbx and rTOy = yOx.
The distributive law holds for tropical addition and tropical multiplication:
rOydz) = 20y & 0O 2.

Both arithmetic operations have a neutral element. Infinity is the neutral
element for addition and zero is the neutral element for multiplication:

T D oo = x and z ® 0 = x.

The tropical addition table and the tropical multiplication table look like this:

@ 1 2 3 45 6 7 ® 12 3 4 5 6 7
11111111 1 23 4 5 6 7 8
212 2 2 2 2 2 2 34 5 6 7 8 9
3 1 2 3 3 3 3 3 3 45 6 7 8 9 10
4 1 2 3 4 4 4 4 4 5 6 7 8 9 10 11
5 1 2 3 4 5 5 5 5 6 7 8 9 10 11 12
6 1 2 3 4 5 6 6 6 7 8 9 10 11 12 13
7 1 2 3 4 5 6 7 7 8 9 10 11 12 13 14

Although tropical addition and multiplication are straightforward, subtraction
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is tricky. There is no tropical “10 minus 3” because the equation 3@z = 10
has no solution x. In this book we use addition & and multiplication ® only.

Example 2.1 It is important to keep in mind that 0 is the multiplicatively
neutral element. For instance, the tropical binomial coefficients are all 0, as in

(zdy)? = (z®y) ©(zdy) O (zdyY)
= 002 ® 0022y ® 00zy? @ 00 ¢5.

The zero coefficients can be dropped in this identity, and we conclude
(zoy)? = Poye oy = 25 o

This identity is known as Freshman’s dream and is verified by noting that
3-min{z,y} = min{3x,2x+y, x+2y,3y} = min{3x, 3y}

holds for all real numbers = and y.

The familiar linear algebra operations of adding and multiplying vectors
and matrices make perfect sense over the tropical semiring. For instance, the
tropical scalar product in R? of a row vector with a column vector is the scalar

(u1,u2,u3)©(v1,vz,vs)T = U1 ©OUvy D u2®v2 @ uz©® vs

= min{m + vy, ug + V2, uz + 1)3}-
Here is the product of a column vector and a row vector of length three:

(’LLl, U2, u3)T © (Ula V2, U3)

Uy vy ur ©v2 up ©us ur +v1 up+v2 up+vs
= Uy OV U O V2 U2 O U3 = Uy +v1 U+ v2 u2 + vs
uz ©vy uz ©v uz©us u3 + v uz+vy uz+vs3

This 3 x 3 matrix is said to have tropical rank one.

To see why tropical arithmetic is relevant for discrete algorithms we consider
the problem of finding shortest paths in a weighted directed graph. This is a
standard problem of dynamic programming. Let G be a directed graph with n
nodes which are labeled by 1,2,...,n. Every directed edge (7, j) in G has an
associated length d;; which is a non-negative real number. If (i, j) is not an
edge of G then we set d;; = +oo. We represent the weighted directed graph
G by its n x n adjacency matrix Dg = (dij) whose off-diagonal entries are
the edge lengths d;;. The diagonal entries of D¢ are zero, i.e., d;; = 0 for all 4.

If G is an undirected graph with edge lengths, then we can represent G as a
directed graph with two directed edges (i, j) and (j, ) for each undirected edge
{i,7}. In that special case, D¢ is a symmetric matrix, and we can think of
d;; = dj; as the distance between node ¢ and node j. For a general directed
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graph G, the adjacency matrix D¢ will not be symmetric. Consider the result
of tropically multiplying the n x n matrix Dg with itself n — 1 times:

D"t = Dg®Dg®---® De. (2.1)

This is an n X n matrix with entries in R>¢ U {+o00}.

Proposition 2.2 Let G be a weighted directed graph on n mnodes with n X n
adjacency matrix Dg. Then the entry of the matrix Dg”‘l m row i and column
j equals the length of a shortest path from node i to node j in G.

Proof Let dz(-;) denote the minimum length of any path from node ¢ to node j

which uses at most r edges in G. Thus dl(-;) = d;j for any two nodes ¢ and j.
Since the edge weights d;; were assumed to be non-negative, a shortest path
from node ¢ to node j visits each node of G' at most once. In particular, any
such shortest path in the directed graph GG uses at most n — 1 directed edges.
Hence the length of a shortest path from ¢ to j equals dz(-;L_l).

For r > 2 we have the following recursive formula for these shortest paths:
d? = min{d} "V +dy:k=12..n} (2.2)
Using tropical arithmetic, this formula can be rewritten as follows
&) = diVod; @ dyVody @ e dl Y ody.
= @l LAy @ (dij, dag, - dog) T

S n
)

From this it follows, by induction on r, that dg; coincides with the entry in
row 4 and column j of the n X n matrix Dgr. Indeed, the right hand side of

the recursive formula is the tropical product of row ¢ of Dgr_l and column j

)

of D¢, which is the (i, 7) entry of Dgr. In particular, dl(-;L_l coincides with

the entry in row ¢ and column j of Dgn_l. This proves the claim. O

The iterative evaluation of the formula (2.2) is known as the Floyd- Warshall
Algorithm [Floyd, 1962, Warshall, 1962] for finding shortest paths in a weighted
digraph. Floyd-Warshall simply means performing the matrix multiplication

Dg o = DgT_IQDG forr=2,...,n—1.

Example 2.3 Let G be the complete bi-directed graph on n = 4 nodes with

013 7
20 1 3
Do = 1450 1
6 3 1 0
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The first and second tropical power of this matrix are found to be

01 2 4 01 2 3
20 1 2 20 1 2

pe2 pe3

G 44 0 1 and G 44 0 1
5310 531 0

The entries in Dg?’ are the lengths of the shortest paths in the graph G.

The tropical computation above can be related to the following matrix com-
putation in ordinary arithmetic. Let € denote an indeterminate, and let Ag(e)
be the n x n matrix whose entries are the monomials e%s. In our example,

1 1 3 7

e € €
e 1 € €
Agle) = P
e 3 o1

Now compute the third power of this matrix in ordinary arithmetic

1+33+-+ Bet+el+-0 3433+ S+6et+ -
Ac(ef = 324404+ 14334+ e+ +--- 324383+ -
3¢t +28 + -0 3et46 4+ 1432+ et S+
6 +30+-- 3+ +- e+ 4+ 1432+

The entry of Ag(e)® inrow i and column j is a polynomial in € which represents
the lengths of all paths from node 7 to node j using at most three edges. The
lowest exponent appearing in this polynomial is the (i, j)-entry in the matrix
Dg?’. This is a general phenomenon, summarized informally as follows:

tropical = limc_q log(classical(e)) (2.3)

This process of passing from classical arithmetic to tropical arithmetic is re-
ferred to as tropicalization. In the later sections of Chapter 3, we shall discuss
the tropicalization of algebraic-geometric objects such as curves and surfaces.

We shall give two more examples on how tropical arithmetic ties in natu-
rally with familiar algorithms in discrete mathematics. The first concerns the
dynamic programming approach to integer linear programming. The general
integer linear programming problem can be stated as follows. Let A = (a )
be a d x n matrix of non-negative integers, let w = (wy,...,w,) be a row
vector with real entries, and let b = (by,...,bq)T be a column vector with
non-negative integer entries. Our task is to find a non-negative integer column
vector u = (uq, ..., u,) which solves the following optimization problem:

Maximize w - u subject to v € N" and A-u = b. (2.4)

Let us further assume that all columns of the matrix A sum to the same number
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« and that by + -+ 4+ by = m - a. This assumption is convenient because it

ensures that all feasible solutions u € N of (2.4) satisfy uj + -« -+ u, = m.
We can solve the integer programming problem (2.4) using tropical arith-

metic as follows. Let ¢1, ..., gq be indeterminates and consider the expression

Proposition 2.4 The optimal value of (2.4) is the coefficient of the monomial
by by

71" 9 "'qZ” in the m-th power, evaluated tropically, of the expression (2.5).
The proof of this proposition is not difficult and is similar to that of Propo-
sition 2.2. The process of taking the m-th power of the tropical polynomial
(2.5) can be regarded as solving the shortest path problem in a certain graph.
This is precisely the dynamic programming approach to integer linear program-
ming, as described in [Schrijver, 1986]. Prior to the result by [Lenstra, 1983]
that integer linear programming can be solved in polynomial time for fixed
dimensions, the dynamic programming method provided a polynomial-time
algorithm under the assumption that the integers in A are bounded.

Example 2.5 Let d =2, n =5 and consider the instance of (2.4) given by

4 3 2 1 0 )
A = (0 1 2 3 4>, b—<7> and w = (2,5,11,7,3).

Here we have @ = 4 and m = 3. The matrix A and the cost vector w are
encoded by a tropical polynomial as in (2.5):
fo= 2¢i +5¢3q +11¢763 + Tq143 + 345
The third power of this polynomial, evaluated tropically, is equal to
FOref = 64®+9i e +12¢{% + 114763 + 7qi¢5 + 10¢]q5 + 134748
+12¢7% + 8¢t a5 + 11¢3¢3 + 17¢3¢3° + 13q1g3t + 9432,
The coefficient 12 of ¢)q4 in this tropical polynomial is the optimal value. An

optimal solution to this integer programming problem is v = (1, 1,0,0,1)7.

Our final example concerns the notion of the determinant of an n x n matrix
Q = (gij)- Since there is no negation in tropical arithmetic, the tropical deter-
minant is the same as the tropical permanent, namely, it is the sum over the
diagonal products obtained by taking all n! permutations 7 of {1,2,...,n}:

tropdet(Q) == D dir(1) © Gr2) O+ O Gun(n)- (2.6)
TESh
Here S,, denotes the symmetric group of permutations of {1,2,...,n}. The

evaluation of the tropical determinant is the classical assignment problem of
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combinatorial optimization. Consider a company which has n jobs and n
workers, and each job needs to be assigned to exactly one of the workers. Let
q¢i; be the cost of assigning job ¢ to worker j. The company wishes to find the
cheapest assignment 7w € S,,. The optimal total cost is the following minimum:

min{gir(1) + Gan(2) -+ Gun(n) : T E Sn ).

This number is precisely the tropical determinant of the matrix Q = (g;5).

Remark 2.6 The tropical determinant solves the assignment problem.

In the assignment problem we need to find the minimum over n! quantities,
which appears to require exponentially many operations. However, there is a
well-known polynomial-time algorithm for solving this problem. The method
was introduced in [Kuhn, 1955] and is known as the Hungarian Assignment
Method. Tt maintains a price for each job and an (incomplete) assignment of
workers and jobs. At each iteration, the method chooses an unassigned worker
and computes a shortest augmenting path from this person to the set of jobs.
The total number of arithmetic operations is O(n?).

In classical arithmetic, the evaluation of determinants and the evaluation of
permanents are in different complexity classes. The determinant of an n x n
matrix can be computed in O(n?) steps, namely by Gaussian elimination,
while computing the permanent of an n X n matrix is a fundamentally harder
problem (it is # P-complete [Valiant, 1979]). It would be interesting to explore
whether the Hungarian Method can be derived from some version of Gaussian
Elimination by the principle of tropicalization (2.3).

To see what we mean, consider a 3 x 3 matrix A(e) whose entries are poly-
nomials in the indeterminate €. For each entry we list the term of lowest order:

alleqll _|_ e a12€q12 _|_ e a13€QI3 _|_ e
A(e) = a91€%L + oo agoe®22 4 ... go3ed2 4 ...
a316q31 “+ .. a32€q32 “+ .. a336q33 “+ ..

Suppose that the a;; are sufficiently general non-zero real numbers, so that no
cancellation occurs in the lowest-order coefficient when we expand the deter-
minant of A(e). Writing @ for the 3 x 3 matrix with entries ¢;;, we have

det(A(e)) = - ToPdeUQ) 4 . for some a € R\{0}.

Thus the tropical determinant of () can be extracted from this expression by
taking the logarithm and letting € tend to zero, as suggested by (2.3).

The reader may have wondered where the adjective “tropical” comes from.
The algebraic structure (RU{oo}, ®, ®), which is also known as the min-plus
algebra, has been invented (or re-invented) many times by many people. One
of its early developers, in the 1960s, was the Brazilian mathematician Imre
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Simon. Simon’s work was followed up on by French scholars [Pin, 1998], who
coined the term “tropical semiring” for the min-plus algebra, in the honor
of their Brazilian colleague. Hence “tropical” stands for the French view of
Brazil. Currently, many mathematicians are working on tropical mathematics
and they are exploring a wide range of applications [Litvinov, 2005].

2.2 Sequence alignment

A fundamental task in computational biology is the alignment of DNA or pro-
tein sequences. Since biological sequences arising in practice are usually fairly
long, researchers have developed highly efficient algorithms for finding optimal
alignments. Although in some cases heuristics are used to reduce the combi-
natorial complexity, most of the algorithms are based on, or incorporate the
dynamic programming principle. An excellent introduction to the computer
science aspects of this subject is [Gusfield, 1997]. What we hope to accomplish
in this section is to explain what algebraic statistics and tropical arithmetic
have to do with discrete algorithms used for sequence alignment.

First, we give a self-contained explanation of the Needleman-Wunsch algo-
rithm for aligning biological sequences. Second, we explain a algebraic statis-
tical model for pairs of sequences, namely the pair hidden Markov model, and
we use Needleman-Wunsch to illustrate how dynamic programming algorithms
arise naturally from the tropicalization of this model.

We begin by specifying the sequence alignment problem in precise terms.
Fix a finite alphabet ¥ with [ letters, for instance, ¥ = {0,1,...,1 — 1}. If
[ = 4 then the alphabet of choice is ¥ = {A,C,G,T}. Suppose we are given
two sequences o' = oloi---0} and o? = 0%03-..02, over the alphabet ¥.
The sequence lengths n and m may be different. Our aim is to measure the
complexity of transforming the sequence ¢! into the sequence o2 by changes
to individual characters, insertion of new characters, or deletion of existing
characters. Such changes are called edits. The sequence alignment problem is
to find the shortest sequence of edits that relates the two sequences o' and o2.

Such sequences of edits are called alignments. The shortest sequence of edits
between o1 and o9 consists of at most n 4+ m edits, and therefore it is a finite
problem to identify the best alignment: one can exhaustively enumerate all edit
sequences and then pick the shortest one. However, the exhaustive solution
can be improved on considerably. We shall present a dynamic programming
algorithm for solving the alignment problem which requires only O(nm) steps.

Each alignment of the pair (o', 0?) is represented by a string h over the edit
alphabet {H, I, D}. These letters stand for homology, insertion and deletion;
this terminology is explained in more detail in Chapter 4. We call the string h
the edit string of the alignment. An [ in the edit string represents an insertion
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in the first sequence o', a D in the edit string is a deletion in the first sequence
o', and an H is either a character change, or lack thereof. Writing #H, #1I and
#D for the number of characters H, I and D in an edit string for an alignment
of the pair (o', 0?), we find that

#H+#D=n and #H +#I[=m. (2.7)

Example 2.7 Let n = 7and m = 9 and consider the sequences o' = ACGTAGC
and o2 = ACCGAGACC. Then the following table shows an alignment of ¢! and
o? with #H = 6, #I = 3 and #D = 1. The first row is the edit string:

H H I H I HH I D H
A C - G - T A — G C (2.8)
A C C G A G A C — C

Although the alignment has length ten, it represents the transformation of o'
into o2 by five edit steps which are performed from the left to the right. This
transformation is uniquely encoded by the edit string HHIHIHHIDH.

Proposition 2.8 A string over the edit alphabet { H, I, D} represents an align-
ment of an n-letter sequence o' and an m-letter sequence o® if and only if (2.7)
holds.

Proof As we perform the edits from the left to the right, every letter in o'
either corresponds to a letter in o2, in which case we record an H in the edit
string, or it gets deleted, in which case we record a . This shows the first
identity in (2.7). The second identity holds because every letter o2 either
corresponds to a letter in ¢!, in which case there is an H in the edit string,
or it has been inserted, in which case we record an [ in the edit string. Any
string over {H, I, D} with (2.7), when read from left to right, produces a valid
sequence of edits that transforms o' into o2. O

We write Ay, ,,, for the set of all strings over {H, I, D} which satisfy (2.7).
We call A, ,,, as the set of all alignments of the sequences ol and o2, in spite
of the fact that it only depends on n and m rather than the specific sequences
o' and o2. Each element A in A;,.m corresponds to a pair of sequences (ut, pu?)
over the alphabet ¥ U {—} such that p' consists of a copy of o' together
with inserted “—” characters, and similarly p? is a copy of o2 with inserted
“—7 characters. The cardinalities of the sets A, ,, are the Delannoy numbers
[Stanley, 1999, §6.3]. They can be computed by a generating function.

Proposition 2.9 The cardinality of the set A, ., of all alignments can be
computed as the coefficient of ™y™ in the generating function 1/(1—x—y—xy).
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Proof Consider the expansion of the given generating function

1 (o] (o]
Tryay © 2 2t

m=0n=0

The coefficients are characterized by the linear recurrence
Umpn = Gm—1nt0mnp—1+0m—1n-1 with ap,0 = 1, am,—1 = G-1n = 0. (29)

The same recurrence is valid for the cardinality of A,, ,,. Indeed, for m+n > 1,
every string in A,, ,, is either a string in A,,_1 ,,,—1 followed by an H, or a string
in Ay,—1,m, followed by an I, or it is a string in A, ,,—1 followed by a D. Also,
Ap o has only one element, namely the empty string, and A, , is the empty
set if m < 0 or n < 0. Hence the numbers a,, ,, and #A, ,, satisfy the same
initial conditions and the same recurrence (2.9), so they must be equal. O

In light of the recurrence (2.9), it is natural to introduce the following graph.

Definition 2.10 The alignment graph G, ,, is the directed graph on the set
of nodes {0,1,...,n} x {0,1,...,m} and three classes of directed edges as
follows: there are edges labeled by I between pairs of nodes (i,7) — (i,7+ 1),
there are edges labeled by D between pairs of nodes (i,j) — (i + 1,7), and
there are edges labeled by H between pairs of nodes (i,7) — (i + 1,7+ 1).

Fig. 2.1. The alignment (2.8) shown as a path in the alignment graph Gz o.

Remark 2.11 The set A, ,, of all alignments is in bijection with the set of
paths from the node (0,0) to the node (n,m) in the alignment graph G,, .
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We have introduced three equivalent combinatorial objects: strings over
{H, I, D} satisfying (2.7), sequence pairs (!, %) that are equivalent to o', o2
with the possible insertion of “—” characters, and paths in the alignment graph
Gn,m- All three represent alignments, and they are useful in designing algo-
rithms for finding good alignments. In order to formalize what “good” means,

we need to give scores to alignments. A scoring scheme is a pair of maps

w: YU{-} x Tu{-} — R,
w' i {H,1,D} x {H,I,D} — R.

Scoring schemes induce weights on alignments of sequences as follows. Fix
the two given sequences o' and o2 over the alphabet ¥ = {A,C,G,T}. Each
alignment is given by an edit string h over {H, I, D}. We write |h| for the
length of h. The edit string h determines the two sequences p' and p? of
length |h| over ¥ U {—}. The weight of the alignment A is defined to be

Al |h|
W(h) = > w(pf,pd) + > w(hioy, hi). (2.10)
i=1 i=2
We represent a scoring scheme (w,w’) by a pair of matrices. The first one is

Wpa Wpc Wae WaT Wp -
Wepn We,ce Wee Wer We—
w == Wg,a Wg,c Wge WerT We,— . (211)
Wty Wrce Wre WrT WT -
W_p W—_c W-—g W

)

Here the lower right entry w_ _ is left blank because it is never used in com-
puting the weight of an alignment. The second matrix is a 3 X 3 matrix:

w/H,H le,I le,D
wo= | wig Wi wip (2.12)
wlD,H wlD,I w/D,D
Thus the total number of parameters in the alignment problem is 24 49 = 33.
We identify the space of parameters with R33. Each alignment h € Ay of a
pair of sequences (o', 02) gives rise to a linear functional W (h) on R33,

For instance, the weight of the alignment h = HHIHIHHIDH of our
sequences o' = ACGTAGC and o2 = ACCGAGACC is the linear functional

W(h) = 2-wpp+2-wee+ wee+ wre+2-w_c+w_p+ wg,—
+2-wy g + 3wy + 2wy g+ Wy p+ wp g

Suppose we are given two input sequences o' and o2 of lengths n and m
over the alphabet . Suppose further that we are given a fixed scoring scheme
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(w,w’). The global alignment problem is to compute an alignment h € Ay,
whose weight W (h) is minimal among all alignments in A, ,,. In the com-
putational biology literature, it is more common to use “maximal” instead of
“minimal”, but, of course, that is equivalent if we replace (w, w’) by (—w, —w').
In the following discussion let us simplify the problem and assume that
w’ = 0, so the weight of an alignment is the linear functional W (h) =
Zyjl w(pt, u?) on R?**. The problem instance (o', 02 w) induces weights
on the edges of the alignment graph G, ,, as follows. The weight of the edge
(i,j) — (i+1,j) is w(o},;, —), the weight of the edge (i,7) — (i,j + 1) is
w(—, 032»4_1), and the weight of the edge (i,7) — (i + 1,5+ 1) is w(0i1+1, 032»4_1).
This gives a graph-theoretic reformulation of the global alignment problem.

Remark 2.12 The global alignment problem is equivalent to finding the min-
imum weight path from (0, 0) to (n,m) in the alignment graph G, .

Thus the global alignment problem is equivalent to finding shortest paths in a
weighted graph. Proposition 2.2 gave general dynamic programming algorithm
for the shortest path problem, the Floyd-Warshall algorithm, which amounts to
multiplying matrices in tropical arithmetic. For the specific graph and weights
arising in the global alignment problem, this translates into an O(nm) dynamic
programming algorithm, called the Needleman-Wunsch algorithm.

Algorithm 2.13 (Needleman-Wunsch)
Input: Two sequences o' € ¥, g2 € ¥™ and a scoring scheme w € R4,
Output: An alignment h € A,, ,,, whose weight W (h) is minimal.

Initialization: Create an (n+ 1) x (m + 1) matrix M whose rows are indexed
by {0,1,...,n} and whose columns indexed by {0,1,...,m}. Set M]0,0] = 0.

Set  M[i,0] := M[i—1,0]+w(ol,—) for i=1,...,n

and  M]J0,j] := M[O,j—l]—l—w(—,a?) for j=1,...,m.
Loop: For i=1,...,n and j=1,...,m set

Mli—1,5 = 1]+ w(a}, %)

Mli,j = 1] +w(o}, -)
Color one or more of the three edges which are adjacent to and directed towards
(i,7), and which attain the minimum.

Backtrack: Trace an optimal path from in backwards direction from (n, m) to
(0,0). This is done by following an arbitrary sequence of colored edges.

Output: The edge labels in {H, I, D} of an optimal path in forward direction.
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The more general case when the 3 x 3 matrix w’ is not zero can be modeled
by replacing each interior node in G, , by a complete bipartite graph K33
whose edge weights are Wy, Wy , ..., wpp. These 9(m —1)(n—1) new edges
represent transitions between the different states in {H, I, D}. The resulting

/

graph is denoted G, ,, and called the extended alignment graph. Figure 2.2
illustrates what happens to a node of G, ,, when passing to G}, ,,,.

A C G
I\WA'_ l\wc" I\WG.— |
A v_a Ya,A V_,a ve,n Y_,A YG,a L

o
Va, - e, - G, - -= Y'I,p
W'g,p '
C v-,c va,C v_.c Ve, ¢ Y_.c Y&, C Y_.c - W,
c T Gim
¥ H,I
/
wa, - e, - —t y WG, -
V'p,I
C “.c Ya,C ¥_.c Eche] R VG, c EoNE

Ye,c

=
]

Fig. 2.2. Creating the extended alignment graph by inserting K 3’s

The minimum weight path in G}, ,, is found by a variant of the Needleman-
Wunsch algorithm. In the following example we stick to the case w’ = 0.

Example 2.14 Consider the sequences o' = ACGTAGC and o? = ACCGAGACC
from Example 2.7. According to Proposition 2.9, the number of alignments is
#Arg = 224,143,

We assume w’ = 0. The alignment graph Gr 9 is depicted in Figure 2.1.
For any particular choice of a scoring scheme w € R?!, the Needleman-
Wunsch algorithm easily finds an optimal alignment. Consider the example

—91 114 31 123 =z
114 —100 125 31 =z

w = 31 125 —100 114 =z |,
123 31 114 -91 =z
X X X X

where the gap penalty x is an unknown number between 150 and 200. The 16
specified parameter values in the matrix w are the ones used in the blastz
alignment program scoring matrix [Schwartz et al., 2003]. For z > 169.5 an



58 L. Pachter and B. Sturmfels

optimal alignment is

h H D H H D H H H H
pt] = 1A — ¢ G — T A G C| with W(h)=2x—243.
12 AC C G A G A C C

If the gap penalty = is below 169.5 then an optimal alignment is

h H D H H I HH D D H
ptl =14 — ¢ ¢ T A ¢ — — C| withW(h)=4z— 582,
12 AC C G —-— A G A C C

After verifying this computation, the reader may now wish to vary all 24 pa-
rameters in the matrix w and run the Needleman-Wunsch algorithm many
times. How does the resulting optimal alignment change? How many of the
224,143 alignments occur for some choice of scoring scheme w? Is there a scor-
ing scheme w € R?* which makes the alignment (2.8) optimal? Such questions
form the subject of parametric alignment [Gusfield et al., 1994, Gusfield, 1997]
which is the topic of Chapter 7.

We now shift gears and present the pair hidden Markov model for alignments.
This is an algebraic statistical model which depends on two integers n and m:

f:R¥ - RV (2.13)
The 4"*™ states are the pairs (0!, 02) of sequences of length n and m. The

33 = 24 + 9 parameters are written as a pair of matrices (6, 0') where

Oan Oac Onc Oar On-—

/ / /
90,A 90,0 90,(: 90,T 90,— H,H YH,I YHD
/ / / /
0 = HG,A 9(;,0 HG,G HG,T 9(;,— , 0 = 9171{ 91,1 HI,D (2'14)
/ / /
9T,A 9T,c 9T,G HT,T HT,— D,H YD, YD,D

0.4 0. 6.g 6 1

In order to be statistically meaningful these parameters have to be non-negative
and satisfy six independent linear equations. Namely, they must lie in

O = A3xA3xAz3xAyxAgxAy C R33.

The parameter space O is the product of six simplices of dimensions 15, 3, 3, 2, 2
and 2. The big simplex A5 consists of all non-negative 4 x4 matrices (6;;); jex
whose entries sum to 1. The two tetrahedra As come from requiring that

9_71_\ + 0_7(; + 9_7(; + 9_7'[ = 01_\7_ + 907_ + 0(;7_ + 9'[7_ = 1.
The three triangles Ay come from requiring that

T Oy +0yp = O p+0,+0p = 0py+0p;+0pp = 1.
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The coordinate f,1 ,2 of the pair hidden Markov model f represents the
probability of observing the pair of sequences (o', o2). This is the polynomial

|hl |hl

Jo1 o2 = Z HGHW? . He;h'—hhi' (2.15)
=2

heAn,m =1

Here (p!', 4?) is the pair of sequences over ¥ U {—} which corresponds to h.
The following observation is crucial for understanding parametric alignment.

Proposition 2.15 The objective function of the sequence alignment problem
is the tropicalization of a coordinate polynomial fo1 2 of the pair HMM.

Proof The tropicalization of the polynomial (2.15) is gotten by replacing the
outer sum by a tropical sum ¢ and the inner products by tropical products
®. We replace each unknown 6. by the corresponding unknown w._, which we
think of as the negated logarithm of 6 . The result is the tropical polynomial

|h] |h]

trop(f01702) = @ @wH}M? . @w;lifhhi' (2.16)
=2

heAn,m =1

The tropical product inside the tropical sum is precisely the weight W (h) of
the alignment h or (u', 4?) as defined in (2.10). Hence (2.16) is equivalent to

trop(fcrl,crz) = minhGAn,mW(h)'

Evaluating the right hand side of this expression is therefore equivalent to
finding an optimal alignment of the two sequences o! and 2. a

Remark 2.16 Since the logarithm of a probability is always negative, the
correspondence in Proposition 2.15 only accounts for scoring schemes in which
the weights have the same sign. Scoring schemes in which the weights have
mixed signs, as in Example 2.14, result from associating w,__ with the log-odds
ratio log(6../ 9~) where the 8 are additional new parameters.

It is an instructive exercise to show that the sum of the polynomials f,1 ;2
over all 4"*™ pairs of sequences (o', 0?) simplifies to 1 when (6,6’) lies in ©.
The key idea is to derive a recursive decomposition of the polynomial f,1 ;2 by
grouping together all summands with fixed last factor pair H;L‘h‘ih By 9“‘1]1‘ 2
This recursive decomposition is equivalent to performing dynamic program-
ming along the extended alignment graph g;%m. The variant of the Needleman-
Wunsch algorithm on the graph g;%m is precisely the efficient evaluation of the

tropical polynomial trop(f, ,2) using the same recursive decomposition.
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We explain this circle of ideas for the simpler case of Algorithm 2.13 where
000
0 00
000
To be precise, we shall implement dynamic programming on the alignment
graph G, , as the efficient computation of a (tropical) polynomial. In term of

the pair HMM, this means that we are fixing all entries of the 3 x 3 matrix ¢’
to be identical. Let us consider the following two possible specializations:

1/3 1/3 1/3 111
9 =11/3 1/3 1/3 and =11 11
1/3 1/3 1/3 111

The first specialization is the statistically meaningful one, but it leads to more
complicated formulas in the coefficients. For that reason we use the second
specialization in our implementation. We write g,1 ,2 for the polynomial in
the 24 unknowns 6... gotten from f,1 ;2 by setting each of the 9 unknowns 6...
to 1. The following short Maple code computes the polynomial gs1¢o for

sl := [A,C,G]: s2 := [A,C,C]:

T := array([ [ tAA, tAC, tAG, tAT, t_A ],
[ tCA, tCC, tCG, tCT, t_C 1,
[ tGA, tGC, tGG, tGT, t_G 1,
[ tTA, tTC, tTG, tTT, t_T 1,
[ tA_, tC_, tG_, tT_, 0 11):

This represents the matrix € with tAA = 0y, tAC = )¢, ... etc. We initialize

n := nops(sl): m := nops(s2):

ul := subs({A=1,C=2,G=3,T=4},s1):

u2 := subs({A=1,C=2,G=3,T=4},s2):

M := array([],0..n,0..m): M[0,0] := 1:
for i from 1 to n do

M[i,0] := M[i-1,0] * T[u1l[il,5]:

od:

for j from 1 to m do

M[0,3] := M[0,j-1]1 * T[5,u2[j11:

od:

We then perform a loop precisely as in Algorithm 2.13, with tropical arithmetic
on real numbers replaced by ordinary arithmetic on polynomials.

for i from 1 to n do
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for j from 1 to m do
M[i,j] := M[i-1,j-1] * T[ul[i],u2[j]1] + M[i-1, j ] *
Tlutlil, 51 + M[ i ,j-1] = T[ 5 ,u2[jl]:
od:
od:
lprint(M[n,m]);

Our Maple code produces a recursive decomposition of the polynomial gace acc:

((tAA+2xtA_xt_A)*tCC+(tA_xtAC+tA_*tC_*t_A+(tAA+2xtA_xt_A)*tC_)
*t_C+ (t_A*tCA+ (tAA+2%tA_*t_A)*t_C+t_Axt_CxtA_)*tC_) *tGC+((tA_x*
tAC+tA_*tC_*xt_A+(tAA+2*%tA_*t_A) *tC_) *tCC+ (tA_»tC_»tAC+tA_*tC_"2
*t_A+ (tA_*tAC+tA_*tC_*xt_A+(tAA+2xtA_xt_A)*tC_)*tC_) *t_C+((tAA+
2%tA_*t_A) *tCC+ (tA_*tAC+tA_*tC_xt_A+(tAA+2xtA_*xt_A)*tC_)*t_C+
(t_AxtCA+(tAA+2xtA_xt_A)*t_C+t_Axt_CxtA_)*tC_)*tC_)*t_G+((t_Ax*
tCA+(tAA+2%tA_*t_A)*t_C+t_Axt_CxtA_)*tGC+ ((tAA+2xtA_*t_A)*tCC+
(tA_*tAC+tA_»tC_xt_A+(tAA+2xtA_*xt_A) *tC_) *t_C+ (t_AxtCA+(tAA+2x*
tA_*t_A)*t_C+t_Axt_CxtA_)*tC_)*t_G+(t_A*t_CxtGA+(t_A*xtCA+(tAA+
2%tA_*t_A)*t_C+t_Axt_CxtA_)*t_G+t_Axt_Cxt_GkxtA_)*tC_)*tC_

The expansion of this polynomial has 14 monomials. The sum of its coefficients
is # A3 3 = 63. Next we run same code for the sequences of Example 2.7:

sl := [A,C,G,T,A,G,C]: s2 := [A,C,C,G,A,G,A,C,C]:

The expansion of the resulting polynomial gsis2 has 1,615 monomials, and
the sum of its coefficients equals #.A479 = 224,143. Each monomial in gs1 s>
represents a family of alignments h all of which have the same W (h). We have
chosen a simple example to illustrate the main points, but the method shown
can be used for computing the polynomials associated to much longer sequence
pairs. We summarize our discussion of sequence alignment as follows:

Remark 2.17 The Needleman-Wunsch algorithm is the tropicalization of the
pair hidden Markov model for sequence alignment.

In order to answer parametric questions, such as the ones raised at the end
of Example 2.14, we need to better understand the combinatorial structure
encoded in the polynomials f;1 ;2 and g,1 ;2. The key to unraveling this com-
binatorial structure lies in the study of polytopes, which is the our next topic.

2.3 Polytopes
In this section we review basic facts about convex polytopes and algorithms for
computing them, and we explain how they relate to algebraic statistical mod-
els. Every polynomial and every polynomial map has an associated polytope,
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called its Newton polytope. This allows us to replace tropical arithmetic by the

polytope algebra, which is useful for solving parametric inference problems.
As a motivation for the mathematics in this section, let us give a sneak pre-

view of Newton polytopes arising from the pair HMM for sequence alignment.

Example 2.18 Consider the following 14 points v; in 11-dimensional space:

=(0,0,1,0,0,2,0,0,1,1,1) 200, 0_,0% 0 _c0_¢

=(1,0,0,0,0,2,0,0,0,1,1) N
’U3—(0 0 1 0,1,1,0 0,1,0 1) 70A—9—AQCCHC— 9_(;
Vg4 = (0 0 1 0 0,1,0,1,1,1,0) 901_\_ 9_1_\90_ 9_0 9(;(;

=(0,1,1,0,0,1,0,0,0,1,1) 40y OpcOc_0_c0_g
v = (0,0,0,0,0,2,1,0,1,1,0) 0 102 6 _cOan
v7 = (0,0,0,1,0,2,0,0,1,0,1) 30 402 0ca0_g
’L)g—(1000,1,1,00001) 391_\1_\90000_9_(;
’Ug—(l 0 0 0 0,1,0,1,0,1,0) 39AA90— 0_(; HGC
’Ul(]—( 0 1 0,1,0 0,1,1,0 0) 291_\_0_1_\0000(;0
’U11—(0110,1,000001) HA_HcceAce_G
’U12—(0 1 1 0 0 00,1,0 1,0) HA_HAce_CHGC
V13 = (0 0 0,1,0,1,0,1,1,0 0) 29_1_\00_ HCAHGC

V14 = (1,0,0,0,1,0,0,1,0,0,0) HAAHCC HGC

To the right of each point v; is the corresponding monomial in the unknowns
(HAAa eAc, HA_, QCAa ecc, 90_, 9GA7 9(;0, 9_1_\, 9_0, 9_(;). The j-th coordinate in Vi equals
the exponent of the j-th unknown. The sum of these 14 monomials is the poly-
nomial gacgacc computed by the Maple code at the end of Section 2.2.

The 14 points v; span a six-dimensional linear space in R, and it is their
location inside that space which determines which alignment is optimal. For
instance, the gapless alignment (H, H, H) which is corresponds to the last
monomial 0y, Occ Ogc is optimal if and only if the scoring scheme w satisfies

We— +W_g > Wee, Wa— + Wac + W_g > War + Wee ,
We— +W_¢ > Wee, Wa— + Wae + W_¢ > War + Wee ,
Wp— +W_p > Wpp, W_p+ We_ + Wea = Wap + Wee

and w_p + 2we— +w_¢ + wep > War + Wee + Wac-

The aim of this section is to introduce the geometry behind such derivations.

Given any points v1, ..., v, in R%, their convez hull is the set
n n
P o= {> v eR A A >0and Y A=1} (2.17)
j i=1

Any subset of R? of this form is called a convex polytope or just a polytope,
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for short. The dimension of the polytope P is the dimension of its affine span
{Z?Zl \iv; € R® . Yo A =1} We can also represent a polytope as a
finite intersection of closed half-spaces. Let A be a real d x m matrix and let
b € R™. Each row of A and corresponding entry of b defines a half-space in R?.
Their intersection is the following set which may be bounded or unbounded:

P = {zeR': A-z>b} (2.18)

Any subset of R? of this form is called a convez polyhedron.
Theorem 2.19 Convex polytopes are precisely the bounded convex polyhedra.

Proof A proof (and lots of information on polytopes) can be found in the
books [Griinbaum, 2003] and [Ziegler, 1995]. This theorem is known as the
Weyl-Minkowski Theorem. O

Thus every polytope can be represented either in the form (2.17) or in the
form (2.18). These representations are known as V-polytopes and H-polytopes.
Transforming one into the other is a fundamental algorithmic task in geometry.

Example 2.20 Let P be the standard cube of dimension d = 3. As an H-
polytope the cube is the solution to m = 6 linear inequalities

P = {(z,y4,2)eR®: 0<2<1,0<y<1,0<z<1},
and as a V-polytope the cube is the convex hull of n = 8 points
P = conv{(0,0,0),(0,0,1),(0,1,0),(0,1,1), (1,0,0),(1,0,1),(1,1,0), (1,1,1)}.

Closely related computational tasks are to make the V-representation (2.17)
irredundant by removing points v;, and to make the H-representation (2.18)
irredundant by removing halfspaces, each while leaving the set P unchanged.
To understand the underlying geometry, we need to define faces of polytopes.
Given a polytope P C R? and a vector w € R%, consider the set of all points in
P at which the linear functional x +— z-w attains its minimum. It is denoted

face,(P) = {z€P : 2z - w<y wforalyeP}. (2.19)
Let w* = min{z-w : x € P}. Then we can write (2.19) equivalently as
face,(P) = {zeP :z - w<w'}.

This shows that face, (P) is a bounded polyhedron, and hence it is a polytope
by Theorem 2.19. Every polytope of this form is called a face of P. In particular
P is a face of itself, gotten by taking w = 0. A face of dimension zero consists
of a single point and is called a vertex of P. A face of dimension one is called an
edge, a face of dimension dim(P) — 1 is called a facet, and a face of dimension
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dim(P) — 2 is called a ridge. The cube in Example 2.20 has 27 faces. Of these,
there are 8 vertices, 12 edges (= ridges), 6 facets, and the cube itself.

We write f;(P) for the number of i-dimensional faces of a polytope P. The
vector f(P) = (fo(P), fi(P), fa(P),..., fa—1(P)) is called the f-vector of P.
So, the three-dimensional cube P has the f-vector f(P) = (8,12,6). Its dual
polytope P*, which is the octahedron, has the f-vector f(P*) = (6,12,8).

Let P be a polytope and F' a face of P. The normal cone of P at F' is

Np(F) = {we R? : face, (P) = F}.
This is a relatively open convex polyhedral cone in R%. Tts dimension satisfies
dim Np(F) = d—dim(F).

In particular, if F' = {v} is a vertex of P then its normal cone Np(v) is d-
dimensional and consists of all linear functionals w that are minimized at v.

Example 2.21 Let P be the convex hull of the points v1, ..., v14 in Example
2.18. The normal cone Np(v14) consists of all weights for which the gapless
alignment (H, H, H) is optimal. It is characterized by the seven inequalities.

The collection of all cones Np(F') as F' runs over all faces of P is denoted
N(P) and is called the normal fan of P. Thus the normal fan N(P) is a
partition of R? into cones. The cones in N'(P) are in bijection with the faces
of P. For instance, if P is the 3-cube then N(P) is the partition of R? into
cones with constant sign vectors. Hence N(P) is combinatorially isomorphic
to the octahedron P*. Figure 2.3 shows a two-dimensional example.

Fig. 2.3. The (negated) normal fan of a quadrangle in the plane.

Our next result ties in the faces of a polytope P with its irredundant repre-
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sentations. Let a; be one of the row vectors of the matrix A in (2.18) and let
b; be the corresponding entry in the vector b. This defines the face

faceq,(P) = {xz€P :a;-xz = b}

Proposition 2.22 The V-representation (2.17) of the polytope P is irredun-
dant if and only if v; is a vertex of P for i = 1,...,n. The H-representation
(2.18) is irredundant if and only if face,,(P) is a facet of P for i=1,...,m.

A comprehensive software system for computing with polytopes is the pro-
gram POLYMAKE. We show the use of POLYMAKE by computing the polytope of
the toric Markov chain model f54(©). This model has m = 16 states and
d = 4 parameters. We create an input file named foo which looks like this:

POINTS
30

e i i et el e e e e e S e e e =
O OO P, OO L NO OO~ K~ N
OO PrLP O FRr P, P OF, P NRFL, P RFP, -

Orr P FPr P NRP,PFPLPORFRLEFPLPEPL O OO
WNNEFR, PP OOONEFKEFOORFR O OO

These 16 points are the columns of the 4 x 16-matrix in Subsection 1.4.1. The
extra character 1 is prepended for technical reasons. We run the command

polymake foo VERTICES
Then the system responds by listing the eight vertices of this polytope

VERTICES

13000
2100
0210
0102

1
1
1
12010
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10120
10012
10003

Furthermore, on the file foo itself we find the irredundant H-representation

FACETS
0-110
000
1-10
100
010
-1-1-10

W O O = O =
O O O

AFFINE_HULL
-31111

This output tells us that our polytope is defined by the one linear equation
T1 + x9 + x3 + x4 = 3 and the six linear inequalities

xo—x3 <1, 2120, z3—22 <1, 220 >0, 23 >0, x1 + 22 +2x3 < 3.
Indeed, the command DIM confirms that the polytope is three-dimensional:

polymake foo DIM
DIM
3

The f-vector of our polytope coincides with that of the three-dimensional cube

polymake foo F_VECTOR
F_VECTOR
8 12 6

But our polytope is not a cube at all. Inspecting the updated file foo reveals
that its facets are two triangles, two quadrangles and two pentagons:

VERTICES_IN_FACETS
{1 2 3}

{2356 7}
{4 5 6}
{0 4 6 7}
{0137}
{01245}

This is the polytope depicted in Figure 1.1. We return to our general discussion.
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Let Py denote the set of all polytopes in R?. There are two natural oper-
ations, namely addition & and multiplication ®, defined on the set P;. The
resulting structure is the polytope algebra (Pd, D, @). Namely, if P,Q € Py are
polytopes then their sum P @ @ is the convex hull of the union of P and Q:

PeQ = conv(P U Q)
= {MWw+(1-Nge R? - pEP, geQ,0< A< 1},
The product in the polytope algebra is defined to be the Minkowski sum:
PoOQ = P+ Q
= {p—l—q e RY : pEP,qEQ}.

It follows from the Weyl-Minkowski Theorem that both P®Q and P®(Q are
polytopes in R, The polytope algebra (Pd, P, @) satisfies many of the familiar
axioms of arithmetic. Clearly, addition and multiplication are commutative.
But it is also the case that the distributive law holds for polytopes:

Proposition 2.23 If P, Q, R are polytopes in R then
(PpQQ)®R = (POR) ®(QOoR). (2.20)

Proof Consider points p € P, ¢ € Q and r € R. For 0 < A <1 note that
A+ (1A=XNg +r = Ap+r)+ 1=N(g+r)

The left hand side represents an arbitrary point in the left hand side of (2.20),
and the right hand side represents a point in the right hand side of (2.20). O

Example 2.24 (The tropical semiring revisited) Let us consider the algebra
(P1,®,®) of all polytopes on the real line (d = 1). Each element of P; is a
segment [a, b] where a < b are real numbers. The arithmetic operations are

[a,b] & [c,d] = [min(a,c), max(b,d)],
[a,b] © [e,d] = [a+c b+d]
Thus the one-dimensional polytope algebra is essentially the same as the tropi-

cal semiring (R, ®, ®). Or, stated differently, the polytope algebra (Py, ®,®)
is a natural higher-dimensional generalization of the tropical semiring.

One of the main connections between polytopes and algebraic statistics is
via the Newton polytopes of the polynomials which parameterize a model.
Consider the polynomial

n
fo= D e 671057054, (2.21)
i=1
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where ¢; is a non-zero real number and v; = (vi1, V2, . .., vq) € N¢ for i =
1,2,...,n. We define the Newton polytope of the polynomial f as the convex
hull of all exponent vectors that appear in the expansion (2.21) of f:

NP(f) = conv{vi,vg,...,v,} C R (2.22)

Hence the Newton polytope NP(f) is precisely the V-polytope in (2.17). The
operation of taking Newton polytopes respects the arithmetic operations:

Theorem 2.25 Let f and g be polynomials in R[6,...,04]. Then
NP(f-g) = NP(f) ® NP(g9) and NP(f+g) € NP(f) & NP(g).

If all coefficients of f and g are positive then NP(f +g) = NP(f) @ NP(g).

Proof Let f=>",¢-0" beasin (2.21) and let g = Z;L;l c- 0% . For any
w € R? let iny, (f) denote the initial form of f. This is the subsum of all terms

¢;0%" such that v; - w is minimal. Then the following identity holds:
NP(iny(f)) = face,(NP(f)). (2.23)

The initial form of a product is the product of the initial forms:

in,(f-g) = iny(f)-inu(g). (2.24)

For generic w € R? the initial form (2.24) is a monomial Ui and its
coefficient in f - g is the product of the corresponding coefficients in f and g.

Finally, the face operator face,(-) is a linear map on the polytope algebra:
face, (NP(f) ® NP(g)) = face,(NP(f)) © face, (NP(g)). (2.25)

Combining the three identities (2.23), (2.24) and (2.25), for w generic, shows
that the polytopes NP(f-g) and NP(f) ® NP(g) have the same set of vertices.

For the second identity, note that NP(f) & NP(g) is the convex hull of
{vi,...,vn, 0], ... 0], }. Every term of f + g has its exponent in this set, so
this convex hull contains NP(f+g). If all coefficients are positive then equality
holds because there is no cancellation when forming the sum f + g. |

Example 2.26 Consider the polynomials f = (z+1)(y+1)(2+1) and g = (z+
y + z)2. Then NP(f) is a cube and NP(g) is a triangle. The Newton polytope
NP(f+g) of their sum is the bipyramid with vertices (0,0,0), (2,0,0), (0,2,0),
(0,0,2),(1,1,1). The Newton polytope NP(f - g) of their product is the
Minkowski sum of the cube with the triangle. It has 15 vertices.
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Newton polytopes allow us to transfer constructions from the algebraic set-
ting of polynomials to the geometric setting of polytopes. To illustrate consider
the following example. Suppose we are given a 4 x 4 matrix of polynomials,

an(z,y,2) awe(z,y,2) az(z,y,2) au(z,y,2)
Alz,y,2) = a21(z,y,2) axn(z,y,2) as(z,y,z) au(z,y,z) ’

az1(z,y,z) aze(v,y,2) asz(z,y,2) asa(z,y,2)

ag(2,y,2) ase(z,y,2) as3(z,y,2) awu(z,y,2)

and suppose we are interested in the Newton polytope of its determinant
det (A(:E,y,z)). One possible way to compute this Newton polytope is to
evaluate the determinant, list all terms that occur in that polynomial, and
then compute the convex hull. However, assuming that the coefficients of the
a;j(x,y, z) are such that no cancellations occur, it is more efficient to do the
arithmetic directly at the level of Newton polytopes. Namely, we replace each
matrix entry by its Newton polytope P;; = NP(a;;), consider the 4 x 4 matrix
of polytopes (P;;), and compute its determinant in the polytope algebra. Just
like in the tropical semiring (2.6), here the determinant equals the permanent:

Pi1 P P13 Py
Py1 Py Pz Py

det = Py © Poyioy © Pygiay ® Pygay.
P31 P3y P33 Py @ lo(1) 20(2) 30(3) 4o (4)

gESy
Py Py Pz Pu

This determinant of polytopes represents a parameterized family of assignment
problems. Indeed, suppose the cost g;; of assigning job ¢ to worker j depends
piecewise-linearly on a vector of three parameters w = (w,, wy, w.), namely

Gi; = min{w “p i pcE PZJ}

Thus the cost g;; is determined by solving the linear programming problem
with polytope P;;. The parametric assignment problem would be to solve the
assignment problem simultaneously for all vectors w € R?. In other words, we
wish to preprocess the problem specification so that the cost of an optimal as-
signment can be computed rapidly. This preprocessing amounts to computing
the irredundant V-representation of the polytope gotten from the determinant.
Then the cost of an optimal assignment can be computed as follows:

min{w -p : p € det((Pij)1<ij<4)}.

Our discussion furnishes a higher-dimensional generalization of Remark 2.6:

Remark 2.27 The parametric assignment problem is solved by computing
the determinant of the matrix of polytopes (F;;) in the polytope algebra.
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We can similarly define the parametric shortest path problem on a directed
graph. The weight of each edge is now a polytope F;; in R?, and for a specific
parameter vector w € R% we recover the scalar edge weights by linear pro-
gramming on that polytope: d;; = min{w -p : p € P;;}. Then the shortest
path from i to j is given by dl(-;L_l) =min{fw-p : p € PZ.(;L_I)}, where Pi(jn_l)
is the (4, j)-entry in the (n — 1)-st power of the matrix (F;;). Here matrix
multiplication is carried out in the polytope algebra (Pd, P, @).

The Hungarian algorithm for assignments and the Floyd-Warshall algorithm
for shortest paths can be extended to the parametric setting. Provided the
number d of parameters is fixed, these algorithms still run in polynomial time.
The efficient computation of such polytopes by dynamical programming using
polytope algebra arithmetic along a graph is referred to as polytope propagation
(see Chapters 5-8). We close this section by revisiting the case of alignments.

Remark 2.28 The problem of parametric alignment of two DNA sequences
ol and o2 is to compute the Newton polytopes NP( fo1 02) of the corresponding
coordinate polynomial f,1 ;2 of the pair hidden Markov model (2.13).

If some of the scores have been specialized then we compute Newton poly-
topes of polynomials in fewer unknowns. For instance, if w’ = 0 then our
task is to compute the Newton polytope NP(g,1 ,2) of the specialized poly-
nomial g,1 52. This can be done efficiently by running the Needleman-Wunsch
Algorithm 2.13 in the polytope algebra and is the topic of Chapters 5-7.

Example 2.29 Returning to Example 2.18, we observe that the 14 points
v1,...,v14 are the vertices of the Newton polytope P = NP(gacgacc). It is
important to note that all of the 14 points corresponding to monomials in
gace,acc are in fact vertices of P, which means that every possible alignment of
ACG and ACC is an optimal alignment for some choice of parameters.

The polytope P is easily computed in POLYMAKE, which confirms that the
polytope is six-dimensional. The f-vector is f(P) = (14,51, 86,78,39,10).
These numbers have an interpretation in terms of alignments. For example,
there is an edge between two vertices in the polytope if for two different optimal
alignments (containing different numbers of matches, mismatches, and gaps)
the parameter regions which yield the optimal alignments share a boundary.
In other words, the fact that the polytope has 51 edges tells us that there
are precisely b1 “parameter boundaries”, where an infinitesimal change in pa-
rameters can result in a different optimal alignment. The normal cones and
their defining inequalities (like the seven in Example 2.18) characterize these
boundaries, thus offering a solution to the parametric alignment problem.
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2.4 Trees and metrics

One of the important mathematical structures that arises in biology is the
phylogenetic tree [Darwin, 1859, Felsenstein, 2003, Semple and Steel, 2003]. A
phylogenetic tree is a tree T together with a labeling of its leaves. The number
of combinatorial types of phylogenetic trees with the same leaves grows expo-
nentially (Lemma 2.32). In phylogenetics a typical problem is to select a tree,
based on data, from the large number of possible choices.

This section introduces some basic concepts in combinatorics of trees that
are important for phylogeny. The notion of tree space is related to the tropi-
calization principle introduced in Section 2.1 and will be revisited in Section
3.5. A widely used algorithm in phylogenetics, the neighbor joining algorithm,
is a method for projecting a metric onto tree space. This algorithm draws on a
number of ideas in phylogenetics and serves as the focus of our presentation in
this section. We begin by discussing a number of different, yet combinatorially
equivalent, characterizations of trees.

A dissimilarity map on [n] = {1,2,...,n} is a function d : [n] x [n] — R
such that d(i,7) = 0 and d(7, j) = d(j,i) > 0. The set of all dissimilarity maps
on [n] is a real vector space of dimension (4), which we identify with R(E). A
dissimilarity map d is called a metric on [n] if the triangle inequality holds:

d(i,j) < d(i, k) +d(k,j) for i, j, k € [n]. (2.26)
A dissimilarity map d can be written as a non-negative symmetric n X n matrix

D = (di;) where d;j = d(4,j) and dj; = 0. The triangle inequality (2.26) can
be expressed by matrix multiplication where the arithmetic is tropical.

Remark 2.30 The matrix D represents a metric if and only if D ® D = D.

Proof The entry of the matrix D ® D in row ¢ and column j equals
dip ©dy; & -+ @ din©Odn; = min{dy+di; : 1<k<n}. (227)

This quantity is less than or equal to d;; = d;; ©d;j = di; ©dj;, and it equals
d;; if and only if the triangle inequality d;; < dj;, + di; holds for all k. O

The set of all metrics on [n] is a full-dimensional convex polyhedral cone
in R(Z), called the metric cone. The metric cone has a distinguished subcone,
known as the cut cone, which is the R>¢-linear span of all metrics dy 4 py arising

as follows from all splits { A, B} of [n] into two non-empty subsets A and B:
diapy(i) = 1 e o bjeB 29
diapy(i,j) = 0 if iecA,jeBorieB,jeA.

The cut cone is strictly contained in the metric cone if n > 6. This and many
other results on metrics can be found in [Deza and Laurent, 1997].
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A metric d is a tree metric if there exists a tree T" with n leaves, labeled by
[n] ={1,2,...,n}, and a non-negative length for each edge of T', such that the
length of the unique path from leaf x to leaf y equals d(x,y) for all z,y € [n].
We sometimes write dp for the tree metric d which is derived from the tree T'.

Example 2.31 Let n = 4 and consider the metric d given by the matrix

0 1.1 1.0 14
1.1 0 03 1.3
1.0 0.3 0 1.2
14 1.3 1.2 0

The metric d is a tree metric, as can be verified by examining the tree

0.4 0.4
4 0.3
0.6
Fﬁﬂ&1
3
2
1

Fig. 2.4. The metric in Example 2.31 is a tree metric.

The space of trees is the following subset of the metric cone:
1, = { dr : dris a tree metric} C R(G). (2.29)

The structure of 7,, is best understood by separating the combinatorial types
of trees from the lengths of the edges. A tree T is trivalent if every interior
node is adjacent to three edges. A trivalent tree 7" has n — 2 interior nodes
and 2n — 3 edges. We can create any tree on n+ 1 leaves by attaching the new
leaf to any of the 2n — 3 edges of T'. By induction on n, we derive:

Lemma 2.32 The number of combinatorial types of unrooted trivalent trees
on a fized set of n leaves is the Schroder number

2n -5 = 1.3:5- - -(2n—7)-(2n—5). (2.30)

Each edge of a tree T' corresponds to a split {A, B} of the leaf set [n] into
two disjoint subsets A and B. Two splits { A1, By} and {As, B} are compatible
if at least one of the four intersections A1 N Ay, A1 N By, B1 N Ay, and B1 N By
is empty. We have the following easy combinatorial lemma:
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Lemma 2.33 If {A1, B1} and {Ay, Ba} are splits corresponding to two edges
on a tree T with leaf set [n] then { A1, B1} and {As, Bo} are compatible.

Let {Ay, B1} and {As, Ba} be two distinct compatible splits. We say that
A is mized with respect to { Ag, Ba} if AN Ay and A1 N By are both nonempty.
Otherwise A; is pure with respect to { Ag, Bo}. Of the two components A; and
By exactly one is pure and the other is mixed with respect to the other split
{Aa, Ba}. Let Splits(T") denote the collection of all 2n — 3 splits (A, B) arising
from T'. For instance, if n = 4 and T is the tree in Figure 2.4 then

Splits(T) = {{1,234},{14,23},{123,4},{134,2},{124,3} }. (2.31)

Theorem 2.34 (Splits Equivalence Theorem) A collection S of splits is
pairwise compatible if and only if there exists a tree T' such that S = Splits(T).
Moreover, if such a tree T exists then it is unique.

Proof If there are no splits then the tree is a single node. Otherwise, we proceed
by induction. Consider the set of splits S’ = S\{{A, B}} where {4, B} is a
split in S. There is a unique tree T” corresponding to the set of splits S’. Any
split in S’ has one pure and one mixed component with respect to {A, B}.
We orient the corresponding edge e of T” so that it is directed from the pure
component to the mixed component. We claim that no node in 7" can have
out-degree > 2. If this was the case there would be a split with a component
that is both pure and mixed with respect to (A, B). Thus every node of 7"
has out-degree either 0 or 1. Since the number of nodes is one more than the
number of edges, we conclude that the directed tree T has a unique sink v'.
Replace v with two new nodes v4 and vg and add a new edge between them
as indicated in Figure 2.5. The result is the unique tree 7" with S = Splits(T").

O

We next establish the classical four point condition which characterizes mem-
bership in tree space 7,. The proof is based on the notion of a quartet, which
for any phylogenetic tree T is a subtree spanned by four taxa 1,7, k,[. If
{{Z’,j}, {k, l}} is a split of that subtree then we denote the quartet by (ij; kl).

Theorem 2.35 (The four point condition) A metric d is a tree metric if

and only if, for any four leaves u,v,x,y, the mazrimum of the three numbers

d(u,v)+d(z,y), d(u,z)+d(v,y) and d(u,y) +d(v, x) is attained at least twice.

Proof If d = dp for some tree then for any quartet (uv; xy) of T' it is clear that
d(u,v) +d(z,y) < d(u,z)+d(v,y) = d(u,y)+d(v, ).

Hence the “only if” direction holds.
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T

pure — mixed
Fig. 2.5. Proof of the Splits Equivalence Theorem

For the converse, let d be any metric which satisfies the four point condition.
Let S denote the set whose elements are all splits { A, B} with the property

d(i,7)+d(k,l) < d(i, k) +d(j,1) = d(i,1) + d(j, k) for alli,j € Aandk,l € B.

We claim that S is pairwise compatible. If not then there exist two splits
{A1, B1} and {As, B2} in S and elements i, j, k,l with i € A;NAs, j € A1NDBs,
k€ BN As, and [ € By N Bs. Then i,j € Ay and k,I € By implies
d(i,j)+d(k,1) < d(i,k)+d(j,1) while i,k € Ay and j,l € By implies d(i, )+
d(k,1) > d(i, k) + d(j,1), a contradiction.

By Theorem 2.34, there exists a unique tree T" such that S = splits(7). It
remains to assign lengths I(e) to the edges e of T' so that the resulting tree
metric dr is equal to d. We show that this can be done by induction. Let
i, j be two leaves adjacent to the same vertex x in 7". Such a pair is called a
cherry and at least one can be found in every tree. Let T be the tree with 7, j
pruned and replaced by x. Consider the metric d’ defined on the leaves of T”
where d'(z, k) = 1(d(i, k) + d(j, k) — d(4, 5)). By induction, there exists a tree
metric d}, = d’. We extend d/. to a tree metric dp defined on 7. If e is the
edge adjacent to the leaf 4, then we set [(e) = 2(d(4, j) +d(i, k) — d(j, k)). This
assignment is well defined because, for any quartet (ij; kl), we have

Similarly, if f is the edge adjacent to the leaf j, we set I(f) = %(d(i,j) +
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d(j, k) —d(i,k)). Since dp(i,j) = l(e) + I(f) it follows that dp(i,j) = d(i,J).
Similarly, for any k # i, j, dp(i, k) = d(i, k) and dp(j, k) = d(j, k). a

The previous argument shows that the set of split metrics

{diany : (A B) e Splits(T) } (2.32)

is linearly independent in R(3). We wrote the tree metric dr uniquely as a
linear combination of this set of split metrics. Let Cpr denote the non-negative
span of the set (2.32). The cone Cr is isomorphic to the orthant R},

Proposition 2.36 The space of trees Ty, is the union of the (2n—>5)!! orthants

Cr. More precisely, T,, is a simplicial fan of pure dimension 2n — 3 in R().

We return to tree space (and its relatives) in Section 3.5, where we show
that 7, can be interpreted as a Grassmannian in tropical algebraic geometry.

The relevance of tree space to efficient statistical computation is this: sup-
pose that our data consists of measuring the frequency of occurrence of the
different words in {A,C,G,C}"™ as columns of an alignment on n DNA se-
quences. As discussed in Section 1.4, we would like to select a tree model. In
principle, we could compute the MLE for each of the (2n — 5)!! trees, how-
ever, this approach has a number of difficulties. First, even for a single tree
the MLE computation is very difficult, even if we are satisfied with a reason-
able local maximum of the likelihood function. Even if the MLE computa-
tion were feasible, a naive approach to model selection requires examining all
exponentially many (in n) trees. One popular way to avoid these problems
is the “distance based approach” which is to collapse the data to a dissim-
ilarity map and then to obtain a tree via a projection onto tree space (see
4.21). The projection of choice for most biologists is the neighbor joining al-
gorithm which provides an easy-to-compute map from the metric cone onto
7,. The algorithm is based on Theorem 2.35 and the Cherry Picking Theorem
[Saitou and Nei, 1987, Studier and Keppler, 1988].

Fix a dissimilarity map d on the set [n|. For any a1, ag, b1, by € [n] we set

w(alag; blbg) =
i[d(al, bl) + d(al, bz) + d(ag, bl) + d(ag, bg) — Q[d(al, ag) + d(bl, bg)]].

The function w provides a natural “weight” for quartets when d is a tree metric.
The following result on quartets is proved by inspecting a tree with four leaves.

Lemma 2.37 Ifd is a tree metric with (ayag; b1b2) a quartet in the tree, then
w(ajag; bibe) = —2 - w(a1by; agbs), and this number is the length of the path
which connects the path between a1 and as with the path between by and b.
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A cherry of a tree is a pair of leaves which are both adjacent to the same

node. The following theorem gives a criterion for identifying cherries.

Theorem 2.38 (Cherry picking theorem) If d is a tree metric on [n] and
Za(ij) = ), wlijshl) (2.33)
k,l€[n]\{i,j}
then any pair of leaves that mazimizes Zq(i,j) is a cherry in the tree.
Proof Suppose that i, j is not a cherry in the tree. Without loss of generality,

we may assume that either there is a leaf k£ forming a cherry with ¢, or neither
i nor j form a cherry with any leaf. In the first case, observe that

Za(i,k) = Za(i, ) = Y (w(ik;zy) — w(ij; zy))
7y¢i7j7
—I-Z (ik;xj) —w(ij;xk)) > 0.
m#l7-77

Here we are using Lemma 2.37. In the latter case, there must be cherries (k, 1)
and (p, q) arranged as in Figure 2.6. Without loss of generality, we assume
that the cherry (k,[) has the property that the number of leaves in 7'\ e in the
same component as k is less than or equal to the number of leaves in T'\ €’ in
the same component as p. We now compare Zg(k,1) to Z4(i,7):

Za(k, 1) = Za(i,5) = Y (w(kl;zy) — w(ij; zy))
T,y7Fi,5,k,
+ Z w(kl; xj) + w(klyiz) — w(ij; zl) — w(ig; kx)).
r#i,5,k,l

The two sums are each greater than 0. In the first sum, we need to evaluate
all possible positions for  and y within the tree. If, for example, = and y
lie in the component of T\{x,y} that contains ¢ and j then it is clear that
w(kl; zy) —w(ij; xy) > 0. If  and y lie in the same component of 7'\ e as leaf
k, then it may be that w(kl; zy) — w(ij; xy) < 0, however for each such pair
x,y there will be another pair that lies in the same component of T\ €’ as leaf
p. The deficit for the former pair will be less than the surplus provided by the
second. The remaining cases follow directly from Lemma 2.37. a

Theorem 2.38 is conceptually simple and useful, and we will see that it is
useful for understanding the neighbor joining algorithm. It is however not
computationally efficient because O(n?) additions are necessary just to find
one cherry. An equivalent, but computationally superior, formulation is:
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Fig. 2.6. Cases in the proof of the Cherry Picking Theorem.

Corollary 2.39 Let d be a tree metric on [n]|. For every pair i,j € [n] set

Qa(i,j) = (n—2)-d(i,j) — > d(i,k) =Y _d(jk). (2.34)
k#i k#j

Then the pair x,y € [n] that minimizes Qq(x,y) is a cherry in the tree.

Proof Let 7 = Zm,ye[n] d(z,y). A direct calculation reveals the identity

. 1 n—2 .
Zd(Zvj) = _5'7_ - 2 'Qd(zvj)'
Thus maximizing Z;(x,y) is equivalent to minimizing Qq(x,y). O

The neighbor joining algorithm makes use of the cherry picking theorem by
peeling off cherries to recursively build a tree:

Algorithm 2.40 (Neighbor joining algorithm)

Input: A dissimilarity map d on the set [n].

Output: A phylogenetic tree T' whose tree metric dp is “close” to d.

Step 1:  Construct the n x n matrix @4 whose (i, j)-entry is given by the

formula (2.34), and identify the minimum off-diagonal entry Qg(z,y).
Step 2: Remove z,y from the tree and replace them with a new leaf z. For
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each leaf k among the the remaining n — 2 leaves, set
1
d(z, k) = 3 (d(:n, k) +d(y, k) —d(x, y)) (2.35)

This replaces the n x n matrix Q4 by an (n — 1) x (n — 1) matrix. Return to
Step 1 until there are no more leaves to collapse.

Step 3: Output the tree T'. The edge lengths of T" are determined recursively: If
(z,y) is a cherry connected to node z as in Step 2, then the edge from x to z has
length d(x, k)—dr(z, k) and the edge from y to z has length d(y, k) —dp(z, k).

This neighbor joining algorithm recursively constructs a tree 7' whose metric
dr is hopefully close to the given metric d. If d is a tree metric to begin with
then the method is guaranteed to reconstruct the correct tree. More generally,
instead of estimating pairwise distances, one can attempt to (more accurately)
estimate the sum of the branch lengths of subtrees of size m > 3.

For any positive integer d > 2, we define a d-dissimilarity map on [n] to be
a function D : [’I’L]d — R such that D(’il, ig, ceey ’Ld) = D(’L'ﬂ.(l), Z'7r(2)7 ceey Zw(d))
for all permutations 7 on {1,...,d} and D(iy,id2,...,iq) = 0 if the taxa
i1,19,...,1q are not distinct. The set of all d-dissimilarity maps on [n] is a real
vector space of dimension (Z) which we identify with R(). Every tree T gives
rise to an d-dissimilarity map Dy as follows. We define Dyp(iq,...,iq) to be
the sum of all branch lengths in the subtree of 7" spanned by i1, ...,iq € [n].

The following theorem is a generalization of Corollary 2.39. It leads to a
generalized neighbor joining algorithm which provides a better approximation
of the maximum likelihood tree and parameters. A proof is given in Chapter
18 together with an explanation of the relevance of algebraic techniques for
maximum likelihood estimation.

Theorem 2.41 Let T be a tree on [n] and d < n. For anyi,j € [n] set

Qr(i,j) = (Z:f) > Dr(i,5,Y) = > Dr(i,Y) = Y Dr(jY),
Ye

() ve(len) el
Then the pair x,y € [n] that minimizes Qr(x,y) is a cherry in the tree T.

The subset of R(2) consisting of all d-dissimilarity maps D7 arising from
trees T' is a polyhedral space which is the image of the tree space 7, under a
linear map R(:) — R(Z). This polyhedral space is related to the tropicalization
of the Grassmannian G4, which is discussed in Section 3.5, but the details of
this relationship are still not fully understood and deserve further study.
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2.5 Software

In this section we introduce the software packages which were used by the
authors of this book. These programs were discussed in our seminar in the
Fall of 2004 and they played a key role for the studies which are presented
in part 2 of this book. The subsection on Mathematical Software describes
packages traditionally used by mathematicians but which may actually be very
useful for statisticians and biologists. The section on Computational Biology
Software summarizes programs more traditionally used for biological sequence
analysis. In each subsection the software packages are listed in alphabetic order
by name. Short examples or pointers to such examples are included for each
package. These illustrate how the software was used in our computations.

2.5.1 Mathematical Software

We describe ten packages for mathematical calculations relevant for this book.

JTI2

Summary: A package for linear algebra over the non-negative integers (e.g. in-
teger programming). Very useful for studying toric models (Section 2.2).
Example: To solve the linear equation 2z + 5y = 3u + 4v for non-negative
integers x, y, u, v we create a file named foo with the following two lines

1425 -3 -4
Running the command hilbert foo creates a 10 X 4 matrix on a file foo.hil:

10 4

O OO, O, NP, WN
W W NN, OO
O O~ B N O WKL N O
g O WO WO+~ O =

Every solution to the equation is an N-linear combination of these ten rows.
Availability: Executable only.
Website: www.4ti2.de/
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LINPACK

Summary: A Fortran library for linear algebra, originally from the 1970s but
still widely used for scientific computation. It contains fast implementations
of certain linear algebra algorithms, such as singular value decomposition.
Example: The singular value decomposition subroutine in LINPACK is used in
Chapter 19 to construct phylogenetic trees from alignments of DNA sequences.
Availability: Open source.

Website: www.netlib.org/linpack/

MACAULAY?2

Summary: A software system supporting research in algebraic geometry and
commutative algebra [Grayson and Stillman, 2002].

Example: We illustrate the computation of toric models in MACAULAY2. Con-
sider the toric Markov chain of length n = 4 with alphabet ¥ = {0,1} that
appears in Subsection 1.4.2. The model is specified with the commands:

i1 : R = QQ[p0000,p0001,p0010,p0011, p0100,p0101,p0110,p0111,
p1000,p1001,p1010,p1011, p1100,p1101,p1110,p1111];

i2 : S = QQ[a00,a01,a10,al11];

i3 : f = map(S,R,{ a00%a00%a00, a00*a00*a0l, a00*a0l*all,

a00*al01xall, a01*xal0*a00, al01*al0xa0l1l, aOlxallx*all,
al0l*xallxall, al1l0*xa00*a00, al0*aO0*xa0l1l, alOxal01x*all,
alO*al01xall, allxal0*a00, all*alOxa0l1l, allxallx*all,
allxallx*xalll});
o3 : RingMap S <-——- R
We have used the indeterminates a00,a01,a10,a11 for the parameters
b - (900 901>
tho 011
The labels i1,i2,1i3 indicate input to the program, o3 is output generated by
MACAULAY2. We compute a Grobner basis for the ideal Iy (see Section 3.2):

i4 : time If = kernel(f); -- Used 0.88 seconds
04 : Ideal of R
i5 : gb If

05 = | p1011-p1101 p0110-p1101 p0100-p1001 p0010-p1001
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p1101p1110-p1010p1111 p0111p1110-p1101p1111
p0011p1110-p1001p1111 p1101°2-p0101p1110
p1100p1101-p1001p1110 p0111p1101-p0101p1111
p1100°2-p1000p1110 p1001p1100-p1000p1101
p0111p1100-p1001p1111 p0101p1100-p1001p1101
p0011p1100-p0001p1110 p0001p1100-p0000P1101
p0111p1010-p0101p1110 p0011p1010-p1001p1101
p1001°2-p0001p1010 p1000p1001-p0000P1010
p0111p1001-p0011p1101 p0011p1001-p0001p1101
p0111p1000-p0001p1110 p0101p1000-p0001p1010
p0011p1000-p0000p1101 pO001p1000-p0000P1001
p0000p0101-p0001p1001 p0011°2-p0001p0111
p0101p1110°2-p1010p1101p1111 p1001p1110~2-p1010p1100p1111
p0001p1110~2-p1000p1101p1111 p0000P1010p1100-p1000~2p1101
p0000p0011p1101-p0001~2p1110 p0000P1110~2-p1000p1100p1111
p0000p1100p1110-p1000~2p1111 p0000P0111~2-p0001p0011p1111
p0000p0011p0111-p0001~2p1111

These are the constraints on probabilities listed at the end of Subsection 1.4.1.
Availability: Open source.
Website: www.math.uiuc.edu/Macaulay2/

MAGMA

Summary: A software package for computation with algebraic, geometric and
combinatorial structures such as graphs, groups, rings and fields. Includes a
new fast implementation of the Faugere F4 algorithm for computing Grébner
bases [Bosma et al., 1997].

Example: We compute a Grébner basis for the example in Section 3.1.

Q := RatiomnalField();

P<p1,p2,p3> := PolynomialRing(Q, 3);

I := ideal<P | pl174+p2~4-p374,pl1~4+p2~4+p3~4-2xpl*p2*p3,pl+p2+p3-1>;
GroebnerBasis(I);

G
G;
[ pl +p2+p3-1,

p274 - 2%p273 + 3*p272 - 2¥p2*p374 + p2*p3~3 - p2*p3~2 + 2%xp2*p3
- 2xp2 - p375 + 4*p374 - 2%p3~3 + 3*p372 - 2xp3 + 1/2,

p272%p3 + p2*p372 - p2*p3 + p374,

p3°7 - 2%p376 + 4xp37°5 - 4*p3~4 + 3xp37°3 - 2*p3°2 + 1/2%p3 ]

Availability: Commercial software.
Website: magma.maths.usyd.edu.au/magma/
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MAPLE

Summary:General purpose platform for symbolic and numerical computation
Example: MAPLE is an extremely versatile and powerful system, which includes
many toolboxes and routines for standard symbolic and numerical computa-
tions. It is also an intuitive high-level interpreted language, which is convenient
for quick computations. In Section 2.2, a specific example is provided showing
how to compute sequence alignment polynomials using MAPLE.

Availability: Commercial software.

Website: www.maplesoft.com/

MATHEMATICA

Summary:General purpose platform for symbolic and numerical computation
Example: In Chapter 12 MATHEMATICA is used to plot the likelihood surface
for various hidden Markov models.

Availability: Commercial software.

Website: www.wolfram.com/products/mathematica/index.html

MATLAB

Summary: A general purpose high level mathematics package, particularly
suited towards numerical linear algebra computations. MATLAB is supported
by numerous specialized toolboxes: the statistics toolbox and bioinformatics
toolbox are useful for computational biology.

Example: The following example illustrates the use of the statistics toolbox
for experimenting with hidden Markov models. The example shows how to set
up a simple model with [ = 2 and I’ = 4, generate data from the model, and
how to run basic inference routines.

S=[0.8 0.2; 0.1 0.9]

S =0.80.2
0.1 0.9

T=[0.25 0.25 0.25 0.25; 0.125 0.375 0.375 0.125]
T =

0.250 0.250 0.250 0.250
0.125 0.375 0.375 0.125

These commands set up the matrices # and ¢'. In other words, we have fixed
a point on the model. The command hmmgenerate generates data from the
model, and also specifies the alphabets 3 and ¥’ to be used:
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DNAseq=hmmgenerate(100,S,T, ’Statenames’,{’exon’,’intron’},
’Symbols’,{’A’,’C’,’G’,’T’})
DNAseq =

Columns 1 through 14

)G) )C) )C) )C) )G) )A) )C) )G) )T) )C) )T) )A) )C) )C)

The probability of DNAseq given the model, i.e. the evaluation of the DNAseq
coordinate polynomial, is done with

,10 se =nmmaecode seqg,o, 1, mools”,
[PSTATES, logpseq] =hmmdecode [DNAseq,S, T, ’Symbols’
{)A),)C),)G),)T)}]

The matrix PSTATES returns the forward variables (see Chapter 12) . The
logarithm of the probability of the sequence is also returned:

logpseq =
-1.341061974974420e+02

The tropicalization of the coordinate polynomial is evaluated as follows:

STATES=hmmviterbi (DNAseq,S,T, ’Statenames’,{’exon’,’intron’},
’Symbols’,{’A’,’C’,’G’,’T’}}

STATES =
Columns 1 through 7

’intron’ ’intron’ ’intron’ ’intron’ ’intron’ ’intron’ ’intron’

Columns 99 through 100

’exon’ ’exon’

The MATLAB statistics toolbox also has an implementation of the EM algorithm
for hidden Markov models, using the command hmmtrain.

Availability: Commercial software.

Website: www.mathworks.com/



84 L. Pachter and B. Sturmfels
POLYMAKE

Summary: A collection of programs for building, manipulating, analyzing
and otherwise computing with polytopes and related polyhedral objects
[Gawrilow and Joswig, 2000, Gawrilow and Joswig, 2001].

Example: Several computations with polytopes are shown in Section 2.3.
Availability: Open source.

Website: www.math.tu-berlin.de/polymake/

SINGULAR

Summary: A system for polynomial computations, commutative algebra, and
computational algebraic geometry. Very useful for algebraic statistics.
Example: See Sections 2.1, 2.2 and 2.3 for various examples. For a reference
on SINGULAR with many worked out examples see [Greuel and Pfister, 2002].
Availability: Free under the GNU (GNU’s Not Unix) Public License.
Website: www.singular.uni-k1.de/

R

Summary: A statistical computing language and environment, similar in
syntax and focus to the S language [lhaka and Gentleman, 1996]. Mathe-
maticians find R comparable to MATLAB. The BIOCONDUCTOR package for R
[Gentleman et al., 2004] provides support for bioinformatics. related problems.
Example: The following R code was used to produce Figure 3.1:

# Hardy-Weinberg curve

p <- c(seq(0, 1, 0.001), seq(1l, 100, 0.01))
z0 <- p~2/(1+p)~2

z1 <= 2*xp/(1+p)~2

z2 <= 1/(1+p)~2

x.rec <- cbind((2%z0+z1)/sqrt(3), z1)

## plot the Hardy-Weinberg curve
plot(x.rec[,1], x.rec[,2], type=’1’, xlim=c(0, 2/sqrt(3)), ylim=c(0, 1), xlab=’’, ylab

# plot simplex

lines(x=c(0, 2/sqrt(3)), y=c(0, 0))
lines(x=c(0, 1/sqrt(3)), y=c(0, 1))
lines(x=c(1/sqrt(3), 2/sqrt(3)), y=c(1, 0))

Availability: Open source.
Website: www.r-project.org/
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2.5.2 Computational Biology Software

The five software programs highlighted here were all used during the prepara-
tion of the book, and are mostly accessible through web servers.

BLAST

Summary: A tool for searching through large biological sequence databases
for matches to a query [Altschul et al., 1990].

Example: There are many different “flavors” of BLAST, which allow for query-
ing databases of DNA or protein, automatic translation of the input sequence,
and other similar modifications. In what follows we illustrate the use of the
BLASTN tool. We begin by submitting the sequence

ATGGCGGAGTCTGTGGAGCGCCTGCAGCAGCGGGTCCAGGAGCTGGAGCGGGAACTT

taken from an example in Section 7.4, to the BLASTN website. There are a
number of important variables that can be set for the search, for example: the
low complexity filter removes repeated subsequences, such as TTTT. . .TTT from
the search. The word size is the minimum size of an exact match necessary for
BLAST to return a “hit”. The Expect parameter sets the threshold at which
to report “significant” hits. It is based on the Karlin-Altschul model used
to calculate statistical significance [Karlin and Altschul, 1990]. The remaining
choices during submission are which database to search against (the default
is nr which consists of all non-redundant nucleotide sequences in GENBANK),
and various options for formatting the output. We selected the default for all
settings, with the exception of Alignments which was set to 100, i.e. we opted
to receive up to 100 reported alignments rather than the default 50.

Upon submitting the query, BLAST takes a few seconds (or minutes), and
returns a page with a graphic showing which parts of the submitted sequence
matched sequences in the database, and a text part containing links to the
database hits, as well as the alignments. In our example, the text output is

Score E
Sequences producing significant alignments: (bits) Value

Homo sapiens ubiquitin-activat... 113 3e-23
Homo sapiens ubiquitin-activat... 113 3e-23
Homo sapiens ThiFP1 mRNA,comple.. 113 3e-23
Homo sapiens cDNA FLJ31676 fis,.. 113 3e-23
Homo sapiens cDNA: FLJ23251 fis.. 113 3e-23
Homo sapiens ubiquitin-activatin. 113 3e-23
Homo sapiens 3 BAC RP11-333HO(... 113 3e-23

full-length cDNA clone CSODIO66. .. 113 3e-23
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Homosapiens Ubab5 mRNA for Ubigqg... 113 3e-23
Homo sapiens mRNA;cDN... 113 3e-23
PREDICTED: Pan troglodytes sim... 105 8e-21
Pongo pygmaeus mRNA; cDNA DKFZp... 98 2e-18
Sus scrofa cloneClu_21888.scr.m... 72 le-10

The entries are preceded with a GENBANK identifier (and a link to the original
sequence in the database). Below this are the actual alignments, for example:

gi133942036|emb|AL928824.13|  Zebrafish DNA sequence from clone
CH211-105D18 in linkage group 6,
complete sequence
Length = 189742

Score = 38.2 bits (19), Expect = 1.6
Identities = 19/19 (100%)
Strand = Plus / Minus

Query: 37 caggagctggagcgggaac 55
RN RRRRR R
Sbjct: 155640 caggagctggagcgggaac 155622

A handy reference on how to use BLAST is [Korf et al., 2003]. There are many
variants of BLAST that have been designed for specialized tasks, including
BLASTZ [Schwartz et al., 2003] for rapid local alignment or large genomic re-
gions and BLAT [Kent, 2002] for fast mRNA/DNA alignments.

Availability: Open source.

Website: www.ncbi.nlm.nih.gov/blast/

MAVID

Summary: A multiple alignment program designed for large genomic se-
quences [Bray and Pachter, 2004].

Example: Sequences can be submitted in multi-fasta format through the
website or the program can be downloaded for standalone use. A sequence
in FASTA format begins with a single-line description, followed by lines of
sequence data. The description line is distinguished from the sequence data
by a greater-than (”>") symbol in the first column. Sequences are expected
to be represented in the standard ITUB/TUPAC nucleic acid code, with these
exceptions: lower-case letters are accepted and are mapped into upper-case;
any characters other than A ,C,G,T are converted into "N’ (unknown). The
nucleic acid codes supported are:



Computation 87

A --> Adenine
C --> Cytosine
G --> Guanine
T --> Thymine
N -->AGCT (any)

Multi-Fasta format consists of alternating description lines followed by se-
quence data. It is important that each ”>” symbol appear on a new line.
For example:

human
AGTGAGACACGACGAGCCTACTATCAGGACGAGAGCAGGAGAGTGATGATGAGTAGCG
CACAGCGACGATCATCACGAGAGAGTAAGAAGCAGTGATGATGTAGAGCGACGAGAGC
ACAGCGGCGACTACTACTAGG

mouse
AGTGTGTCTCGTCGTGCCTACTTTCAGGACGAGAGCAGGTGAGTGTTGATGAGTTGCG
CTCTGCGACGTTCATCTCGAGTGAGTTAGAAAGTGAAGGTATAACACAAGGTGTGAAG
GCAGTGATGATGTAGAGCGACGAGAGCACAGCGGCGGGATGATATATCTAGGAGGATG
CCCAATTTTTTTTT

platypus
CTCTGCGGCGTTCGTCTCGGGTGGGTTGGGGGGTGGGGGTGTGGCGCAAGGTGTGAAG
CACGACGACGATCTACGACGAGCGAGTGATGAGAGTGATGAGCGACGACGAGCACTAG
AAGCGACGACTACTATCGACGAGCAGCCGAGATGATGATGAAAGAGAGAGA

The MAVID program can align sequences much longer than the ones above
(including alignments of sequences up to megabases long). Once the multi-
FASTA file has been prepared it is uploaded to the website. Consider for
example, 13 sequences from the Cystic Fibrosis gene region (CFTR): human
chimp, baboon, cow, pig, cat, dog, mouse, rat, chicken, zebra fish, fugu fish
and tetraodon fish. This region is one of the ENCODE regions (see Chapter
21). The result of the MAVID run, including the original sequences is too large
to include here, but is stored on a website, in this case:
baboon.math.berkeley.edu/mavid/examples/zoo.targetl/.

The website contains the alignment in multifasta format (MAVID.mfa), as
well as in PHYLIP format (MAVID.phy). A phylogenetic tree inferred from the
alignment using neighbor joining is also included:

The trees agrees well with the known phylogeny of the species, with the
exception of the rodent placement, this issue is discussed in Section 21.4
Availability: Open source.

Website: baboon.math.berkeley.edu/mavid/
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E Chimp
Human
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* Dog
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* Pig
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Fig. 2.7. Neighbor joining tree from MAVID alignment of the CFTR region (branch
lengths omitted).

PAML

Summary: Software for Phylogenetic Analysis by Maximum Likelihood.
Consists of a collection of programs for estimating rate matrices and branch
lengths for different tree models.

Example: Chapter 21 contains examples showing how to use PAML with dif-
ferent model assumptions (e.g. Jukes-Cantor, HKY).

Availability: Open source.

Website: abacus.gene.ucl.ac.uk/software/paml.html

PHYLIP

Summary: A collection of programs for inferring phylogenies. This software
has been continuously developed since 1981, and includes many routines utili-
ties for manipulating and working with trees [Felsenstein, 2004].
Availability: Open source.

Example: PHYLIP reads alignments in a format which looks like this:

5 10
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human AAGTGA
mouse CAA--A
rat AGCA-G
dog G-AGCT
chicken T-ACCA

The first number in the first row is the number of sequences, and the second
number if the number of columns in the alignment. Any of a number of routines
can then be called, for example dnaml which constructs a tree.

Website: evolution.genetics.washington.edu/phylip.html

SPLITSTREE

Summary: Implementation of the neighbor-net algorithm, as well as split de-
composition, neighbor joining and other related methods. Includes a versatile
visualization tool for splits graphs.

Availability: Open source.

Example: See Chapter 17.

Website: www-ab.informatik.uni-tuebingen.de/software/jsplits/
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The philosophy of algebraic statistics is that statistical models are algebraic
varieties. We encountered many such models in Chapter 1. The purpose of
this chapter is to give an elementary introduction to the relevant algebraic
concepts, with examples drawn from statistics and computational biology.
Algebraic varieties are zero sets of systems of polynomial equations in several
unknowns. These geometric objects appear in many contexts. For example, in
genetics, the familiar Hardy- Weinberg curve is an algebraic variety (see Figure
3.1). In statistics, the distributions corresponding to independent random
variables form algebraic varieties, called Segre varieties, that are well known
to mathematicians. There are many questions one can ask about a system of
polynomial equations, for example whether the solution set is empty, nonempty
but finite, or infinite. Grobner bases are used to answer these questions.
Algebraic varieties can be described in two different ways, either by equations
or parametrically. Each of these representations is useful. We encountered this
dichotomy in the Hammersley-Clifford Theorem which says that a graphical
model can be described by conditional independence statements or by a polyno-
mial parameterization. Clearly, efficient methods for switching between these
two representations are desirable. We discuss such methods in Section 3.2.
The study of systems of polynomial equations is the main focus of a central
area in mathematics called algebraic geometry. This is a rich, beautiful, and
well-developed subject, at whose heart lies a deep connection between algebra
and geometry. In algebraic geometry, it is customary to study varieties over the
field C of complex numbers even if the given polynomials have their coefficients
in a subfield of C such as the real numbers R or the rational numbers Q. This
perspective leads to an algebraic approach to maximum likelihood estimation
which may be unfamiliar to statisticians and is explained in Section 3.3.
Algebraic geometry makes sense also over the tropical semiring (R, ®, ®).
In that setting, algebraic varieties are piecewise-linear spaces. An important
example for biology is the space of trees which will be discussed in Section 3.5.

90
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3.1 Varieties and Grobner bases

We write Q[p] = Q[p1,p2, - .., pm] for the set of all polynomials in m unknowns
P1,D2 - - -, Pm With coefficients in the field Q of rational numbers. The set Q|p]
has the structure of a Q-vector space and also that of a ring. We call Q[p] the
polynomial ring. A distinguished Q-linear basis of Q[p] is the set of monomials

{ PPl plm ¢ digyig,...im e N (3.1)
To write down polynomials in a systematic way, we need to order the mono-
mials. A monomial order is a total order < on the set (3.1) which satisfies:
e the monomial 1 = p(l]pg ---pY is smaller than all other monomials, and
o if pi' - oply < pll oo pht then pi TR pimthn < plitRL phathn
For polynomials in one unknown (m = 1) there is only one monomial order,

L<pr<pi<pi<pi=<--,

but in several unknowns (m > 2) there are infinitely many monomial orders.
One example is the lexicographic monomial order <. which is defined as
follows: plf Y p{l e pﬁ# if the leftmost non-zero entry in the vector
(j1 — 41,J2 — 92, ..., Jm — im) 1is positive. In this section, all polynomials are
written with their monomials in decreasing <jex order. The first monomial, or
initial monomial , is often underlined: it is the <o largest monomial appearing
with non-zero coefficients in that polynomial. Here are three examples of
polynomials in Q[p1, pe, ps], each with its terms sorted in lexicographic order:

fi = pips — 4p3
fo = P —2p1 +p3 — 4p2 — p3 + 6p3 — 8
f3 = pips+pip3+p1+ps+pi+pops+pa+p3+1

What we are interested in is the geometry of these polynomials. The zero
set of each of them is a surface in three-dimensional space R3. For instance,
{f2 = 0} is the sphere of radius 4 around the point with coordinates (1,2, 3),
and {f3 = 0} is the union of a plane with a parabolic surface. The surface
{f1 = 0} is a quadratic cone: its intersection with the probability triangle is
known as the Hardy- Weinberg curve in statistical genetics (Figure 3.1).

In our applications, the unknown p; represents the probability of the i-th
event among m possible ones. But for now think of p; just as a formal symbol.

Every polynomial f € Q[p1,...,pmn] in m unknowns defines a hypersurface

V(f) = {(zl,...,zm)e(cm:f(zl,...,zm):0}.

Note that V(f) is defined over the complex numbers C. If S is any subset of
C™ then we write Vs(f) := V(f) N S for the part of the hypersurface that
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Fig. 3.1. The Hardy Weinberg curve

lies in S. For instance, Vgm(f) is the set of solutions to f = 0 over the real
numbers, and VA (f) is the set of solutions to f = 0 in the probability simplex

m
A = {(zl,...,zm) eR™ : Zzi =1and z1,20,...,2m 20}.
i=1
A polynomial is homogeneous if all of its monomials plf p? -+ pim have the same
total degree i1 +i9 + - - -+ iy,. The following three polynomials in Q[p1, p2, p3]
have total degree four. The first two are homogeneous but the third is not:

g = pi+ps—pi
o pi+ps+pi
g3 = Pl + p3 + pt — 2p1paps

All three of V(g1),V(g2) and V(g3) are complex surfaces in C3, and Vgs(g1)
and Vgs(g3) are real surfaces in R3, but Vgs(go) is just the point (0,0,0).
(Note that Vs(g1) = {(0,0,0)} by Fermat’s Last Theorem). Restricting to
the probability triangle A, we see that Va(g2) = 0, while Va(g1) and Va(g3)
are curves in the triangle A.

To understand why algebraic geometers prefer to work over the complex
numbers C rather than over the real numbers R, let us consider polynomials
in one unknown p. For ag,a1,...,as € Q with ags # 0 consider

s—1

flp) = as-p'Haec -p 4+ Fas-p*+ar-p+ ap.

Recall that the following basic result holds over the complex numbers:

Theorem 3.1 (Fundamental Theorem of Algebra) If f is a polynomial
of degree s then V(f) consists of s complex numbers, counting multiplicities.

By contrast, the number of real roots of f(p), i.e. the cardinality of Vk(f),
does depend on the particular coefficients a;. It can range anywhere between
0 and s, and the dependence is very complicated. So, the reason we use C is
quite simple: It is easier to do algebraic geometry over the complex numbers C
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than over the real numbers R. In algebraic statistics, we postpone issues of real
numbers and inequalities as long as we can get away with it. But of course,
at the end of the day, we are dealing with parameters and probabilities, and
those are real numbers which are constrained by inequalities.

Let F be an arbitrary subset of the polynomial ring Q[p1, . . ., pm)|. We define
its variety V(F) as the intersection of the hypersurfaces V(f) where f ranges
over F. Similarly, Vs(F) = NrerVs(f) for any subset S C C™. Using the
example above, the variety V' ({g1,g3}) is a curve in three-dimensional space
C3. That curve meets the probability triangle A in precisely two points:

Va({g1,gs}) = {(0.41167,0.17346,0.41487), (0.17346,0.41167,0.41487)}  (3.2)

These two points are found by first computing the variety V({ g1, 93, P1+p2+
p3—1 }) We did this by running the following sequence of six commands in the
computer algebra package Singular. See Section 2.5 for software references.

ring R = 0, (pl,p2,p3), lp;
ideal I = (pl174+p2~4-p374,pl~4+p27~4+p3~4-2*pl*p2*p3,pl+p2+p3-1);
ideal G = groebner(I); G; LIB ‘‘solve.lib’’; solve(G,10);

For an explanation of these commands, and a discussion of how to solve poly-
nomial systems in general, see Section 2.5 of [Sturmfels, 2002]. Running this
Singular code shows that V({ g1, 93, p1+p2+p3—1 }) consists of 16 distinct
points (which is consistent with Bézout’s Theorem [Cox et al., 1997]). Only
two of the 16 points have all their coordinates real. They lie in the triangle A.
Algebraists feel notoriously uneasy about floating point numbers. For a
specific numerical example consider the common third coordinate of the two
points in VA({g1,93}). When an algebraist sees the floating point number

Ps = 0.4148730882..., (3.3)

(s)he will want to know whether p3 can be expressed in terms of radicals.
Indeed, the floating point coordinates produced by the algorithms in this
book are usually algebraic numbers. An algebraic number has a degree which
is the degree of its minimal polynomial over QQ. For instance, our floating point
number p3 is an algebraic number of degree six. Its minimal polynomial equals

flps) = 2-p5—4-p5 +8-pj —8-p3 +6-p3 —4-p3 + L.

This polynomial appears in the output of the command line G; in our
Singular program. Most algebraists would probably prefer the following de-
scription (3.4) of our number over the description given earlier in (3.3):

ps = the smaller of the two real roots of the polynomial f(ps). (3.4)
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The other real root is 0.7845389895 but this does not appear in Va({g1, g3}).
Our number p3 cannot be written in terms of radicals over Q. This is because
the Galois group of the polynomial f(p3) is the symmetric group on six letters,
which is not a solvable group. To see this, run the following in Maple:

galois( 2%p3~6-4+p3~5+8%p3~4-8+p3~3+64p3~2-4*p3+1, p3);

In summary, algorithms used in algebraic statistics produce floating numbers,
and these numbers are often algebraic numbers, which means they have a well-
defined algebraic degree over Q. In algebraic statistics, we are sensitive to this
intrinsic measure of complexity of the real numbers we are dealing with.

The command ideal G = groebner(I); in our Singular code computes
the lexicographic Grébner basis for the ideal generated by the three given
polynomials. In what follows, we give a very brief introduction to these notions.
For further details, the reader is referred to any of the numerous textbooks on
computational algebraic geometry which have appeared in the last decade.

Let F C Q[p| = Q[p1, ..., pm]- The ideal generated by F is the set (F) con-
sisting of all polynomial linear combinations of the elements in F. In symbols,

<~7:> = {h1f1+"'+hrfr:fla---afrG}—andhla---ahreQ[p]}'

An ideal I in Q[p] is any set of the form [ = (F). It is quite possible for two
different subsets F and F’ of Q[p] to generate the same ideal I, i.e.,

(F) = (F)

This equation means that every polynomial in F is a Q[p]-linear combination
of elements in F’, and vice versa. If this holds then the two varieties coincide:

V(F) = V(F).

Hilbert’s basis theorem implies that every variety is the intersection of finitely
many hypersurfaces:

Theorem 3.2 (Hilbert’s basis theorem) FEvery infinite set F of polyno-
mials in Q[p] has a finite subset F' C F such that (F) = (F').

The theorem is often stated in the following form:
Every ideal in a polynomial ring is finitely generated.

Let us now fix a term order <. Every polynomial f € Q[p] has a unique
initial monomial denoted in(f). The initial monomial of f is the <-largest
monomial p® = pi'ps? - - - p%m which appears with non-zero coefficient in the
expansion of f. Let I be an ideal in Q[p]. Then its initial ideal in(I) is the
ideal generated by the initial monomials of all the polynomials in I:

(1) = (ins(f) : Fel).
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A finite subset G of an ideal I is a Grébner basis with respect to the monomial
order < if the initial monomials of elements in G generate the initial ideal:

ing(f) = (inz(g) : g€G). (3.5)

As we have defined it in (3.5), there is no minimality requirement for being
a Grobner basis. If G is a Grobner basis for I then we can augment G by any
additional elements from I and the resulting set is still a Grobner basis. To
remedy this non-minimality, we make one more definition. We say that G is a
reduced Grobner basis if the following three additional conditions hold:

(i) For each g € G, the coefficient of in4(g) in g is 1.
(ii) The set {in<(g) : g € G } minimally generates in([).
(iii) No trailing term of any g € G lies in in (/).

For a fixed term order <, every ideal I in Q[py, ..., py] has a unique reduced
Grobner basis G. This reduced Grobner basis is finite, and it can be computed
from an arbitrary generating set F of I by the so-called Buchberger algorithm.
Any Grobner basis generates the ideal for which it is a Grobner basis, so in
particular, the reduced Grobner basis satisfies (G) = (F) = 1.

We will discuss the Buchberger algorithm towards the end of this section.
First, we concentrate on some applications to the study of algebraic varieties.
Recall that varieties are the solution sets of polynomial equations in several
unknowns. Here we take polynomials with rational coefficients, and we consider
a finite set of them F C Q[p1, .. ., pm)|. The variety of F is the set of all common
zeros of F over the field of complex numbers. As above it is denoted

V(F) = {(z1,.--s2m) €C™ : fz1,...,2,) =0 forall feF}.

The variety does not change if we replace F by another set of polynomials that
generates the same ideal in Q[p1, ..., pn]|. In particular, the reduced Grébner
basis G for the ideal (F) specifies the same variety:

V(F) = VUF) = VG) = V(©G).

The advantage of G is that it reveals geometric properties of the variety which
are not visible from the given polynomials 7. A most basic question which
one might ask about the variety V(F) is whether it is non-empty: does the
given system of equations F have any solution over the complex numbers?

Theorem 3.3 (Hilbert’s Nullstellensatz) The variety V(F) is empty if
and only if the reduced Grébner basis G of the ideal (F) equals {1}.

Example 3.4 Consider a set of three polynomials in two unknowns:

F = {602+6,0,—10, 603 +6,62—25 0" +6,605—70}.
1 1 2 1 2
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Running the Buchberger algorithm on the input F, we find that G = {1},
so the three given polynomials have no common zero (61, 6;) in C2. We now
change the constant term of the middle polynomial as follows:

F = {6?+6010,—10, 03 + 6,62 —26, 0] + 6,05 —70}.

The reduced Grobner basis of (F) is G = {01 —2, #—3 }. This shows that the
variety of F consists of a single point in C2, namely, V(F) = V(G) = {(2,3) }.

Our next question is how many zeros does a given system of equations
have ? To answer this we need one more definition. Given a fixed ideal [
in Q[p1,...,pm) and a fixed term order <, a monomial p* = p{*---pm is
called standard if it is not in the initial ideal in. (7). The number of standard
monomials is finite if and only if every unknown p; appears to some power
among the generators of the initial ideal. For example, if in<(I) = {p3, p3, p3)
then there are 60 standard monomials, but if in<(I) = (p$, p3, p1pi) then the
set of standard monomials is infinite (because every power of ps is standard).

Theorem 3.5 The variety V(I) is finite if and only if the set of standard
monomials is finite. In this case, the number of standard monomials equals
the cardinality of V(I), when zeros are counted with multiplicity.

In the case of one unknown p, this result is the Fundamental Theorem of
Algebra (Theorem 3.1), which states that the variety V(f) of a polynomial
f € Q[p] of degree s consists of s complex numbers. Indeed, in this case {f}

is a Grobmer basis for its ideal I = (f), we have in(I) = (p°), and there

are precisely s standard monomials: 1,p,p?% ...,p* ', Thus we can regard

Theorem 3.5 as the Multidimensional Fundamental Theorem of Algebra.

Example 3.6 Consider the system of three polynomials in three unknowns
F o= {pi+py—p5, pi+ps+p5—2pipeps, pr+patps—1})
Its Grobner basis for the purely lexicographic order p; > ps > p3 equals
G = {pL+p2+ps—1, p3ps + pap3 — paps +p3, 2p5 — 4p§ +8p5 + - -,
2p3 + 4pips — 4p3 + 6p3p3 — 10p3ps + 6p3 + 4papi — 10pap3+ - - - |
The underlined initial monomials show that there are 16 standard monomials:
L, p2, D3, P, D3, 5, P3, D3, D3, DS, P2bs, P2p3, D2P3, P25, P2p3, P2ps-
Theorem 3.5 says V (F) consists of 16 points. Two of them appear in (3.2).

Our criterion in Theorem 3.5 for deciding whether a variety is finite general-
izes to the following formula for the dimension of a variety. A subset S of the
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set of unknowns {p1, p2, ..., pm} is a standard set if every monomial H;nje s p;”f
in those unknowns is standard. Equivalently, in,(I) N C[p; : j € S] = {0}.

Theorem 3.7 (Dimension Formula) The dimension of an algebraic vari-
ety V(I) C C™ is the mazximal cardinality of any standard set for the ideal I.

For a proof of this combinatorial dimension formula, and many other basic
results on Grobner basis, we refer to [Cox et al., 1997].

Example 3.8 Let I C Q[p1,p2,ps] be the ideal generated by the Hardy-
Weinberg polynomial f; = p;p3 — 4p3. The maximal standard sets for I in the
lexicographic monomial order are {p1, p2} and {p2, p3}. Both have cardinality
two. Hence the variety V(f1) has dimension two: it is a surface in C3.

Another basic result states that the set of standard monomials is a Q-vector
space basis for the residue ring Q[p1, ..., pm]/I. The image of any polynomial
h in this residue ring can be expressed uniquely as a Q-linear combination
of standard monomials. This expression is the normal form of h modulo the
Grobner basis G. The process of computing the normal form is the division
algorithm. In the case of one unknown p, where I = (f) and f has degree s, the
division algorithm writes any polynomial h € Q[p]| as a unique Q-linear com-
bination of the standard monomials 1,p,p?,...,p*"'. The division algorithm
works relative to a Grobner basis in any number m of unknowns.

Example 3.9 Let Q[p] be the polynomial ring in 16 unknowns, denoted

Pan Pac Pac  PAT
Pca Pcc Pce  Pct
Pca Pcc Pee  Per
Pra Prc Pte PrT

DiaNA’s model in Example 1.16 for generating two DNA sequences is
pij = TN /\? + (1—7)-p;- p? where 4,5 € {A,C,G, T}. (3.6)

Since “statistical models are algebraic varieties”, this model can be represented
as a variety V(I) in C***. The homogeneous ideal I C Q[p] corresponding to
the model (3.6) is generated by the sixteen 3 x 3-minors of the 4 x 4-matrix p.
These sixteen determinants form a reduced Grobner basis for I:

g= {pAApCCpGG — PaaPcePac — PacPcAPee T PacPocPea + PAGPcAPGe — PaGPCCPGA;
DPaaPccPer — PaaPctPec — PacPeAPeT + PacPerPea + PatPcaPec — PatPecPen,

PccPacPTT — PccPeTPTG — PecPecPTT + PeePetPre + PerPecPTe — pCTpGGpTC}-
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Indeed, it is known [Sturmfels, 1990] that, for any a, b, c € N, the a x a-minors
of a b X c-matrix of unknowns form a reduced Grobner basis with respect to
a term order that makes the main diagonal terms of any determinant highest.
We are looking at the case a = 3,b = ¢ = 4. The variety V(G) = V(I) consists
of all complex 4 x 4-matrices of rank < 2. We can compute the dimension of
this variety using Theorem 3.7. There are twenty maximal standard sets for
I. They all have cardinality 12. One such standard set is

S = { Pan, Pac, Pag, Pat, Pcas Pees Pees Pets Peas Pees PTas P1c }

Indeed, none of the monomials in these twelve unknowns lie in the initial ideal

inc(I) = <pAApCCpGG y» PAAPcCPGT 5 PAAPCGPGT 5 - - -5 PCCPGGPTT >

Theorem 3.7 implies that the variety V(I) has dimension |S| = 12, and its
intersection with the probability simplex, Va(I), has dimension 11.
To illustrate the division algorithm, we consider the non-standard monomial

h = paa-Dcc - Pec - Prr

The normal form of ~ modulo G is the following sum of 12 standard monomials:

ng (h) = PaaPctPecPTC + PAcPcAPGTPTG — PAcPCTPGePTA + PAGPCcPGAPTT
—PAcPccPeTPTA — PacPcTPcAPTC + PacPcTPGcPTA — PATPCADGGPTC
—PaTPccPcAPTG + PATPCGPeAPTC — PATPCePGePTA + 2 * PATPCccPecPTA

We have h = nfg(h) for all probability distributions as in (3.6).

Our assertion in Example 3.9 that the 3 x 3-minors form a Grobner basis
raises the following question. Given a fixed term order <, how can one test
whether a given set of polynomials G is a Grobner basis or not? The answer is
given by the following criterion [Buchberger, 1965]. Consider any two polyno-
mials g and ¢’ in G and form their S-polynomial m’g —mg’. Here m and m' are
monomials of smallest possible degree such that m'-in<(g) = m-ins(¢’). The
S-polynomial m/g —mg’ lies in the ideal (G). We apply the division algorithm
modulo the tentative Grébner basis G to the input m’g — mg’. The resulting
normal form nfg(m’g —mg’) is a Q-linear combination of monomials none of
which is divisible by an initial monomial from G. A necessary condition for G
to be a Grobner basis is that this result be zero:

nfg(m'g —mg’) = 0 for all g, ¢’ € G. (3.7)
Theorem 3.10 (Buchberger’s Criterion) A finite set of polynomials G C

Q[p1,---,pm] is a Grobner basis for its ideal (G) if and only if (3.7) holds,
that is, if and only if all S-polynomials have normal form zero.
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So, to check that the set G of the sixteen 3 x 3-determinants in Example 3.9
is indeed a Grobner basis, it suffices to compute the normal forms of all (126)
pairwise S-polynomials, such as

Prc - (pAApccpcc — PaapcePee — - - ) — Paag - (pAApccpTG — PaaPcePrc — - - )

—PaaPccPccPTc + PanPccPecPTc + PacPcePeaPTe — PAcPcePcePTA
+DacPcaPecPT6 — PAcPcAPcePTc — PacPccPeaPte + PacPccPecPTA

The normal form of this expression modulo G is zero, as promised.
We are now prepared to state the algorithm for computing Grébner bases.

Algorithm 3.11 (Buchberger’s Algorithm)

Input: A finite set F of polynomials in Q[p1, p2, ..., pmn] and a term order <.
Output: The reduced Grébner basis G of the ideal (F) with respect to <.
Step 1: Apply Buchberger’s Criterion to see whether F is already a Grobner
basis. If yes go to Step 3.

Step 2: If no, we found a non-zero polynomial nfg(m’g — mg’). Enlarge the
set F by adding this non-zero polynomial and go back to Step 1.

Step 3: Transform the Grobner basis F to a reduced Grobner basis G.

This loop between Steps 1 and 2 will terminate after finitely many iterations
because at each stage the ideal generated by the current initial monomials get
strictly bigger. However, in light of Hilbert’s Basis Theorem, every strictly
increasing sequence of ideals Q[p1, . . ., p] must stabilize eventually.

The Grobner basis F produced in Steps 1 & 2 is usually not reduced, so in
Step 3 we perform auto-reduction to make F reduced. To achieve the three
conditions in the definition of reduced Grobner basis, here is what Step 3 does.
First, each polynomial in F is divided by its leading coefficient to achieve
condition 1. Next, one removes redundant polynomials to achieve condition 2.
Finally, each polynomial is replaced by its normal form with respect to F to
achieve condition 3. The resulting set G satisfies all three conditions.

We illustrate Buchberger’s algorithm for a very simple example with m = 1:

F={p*+3p—4,p°—5p+4}.
This set is not a Grobner basis because the S-polynomial
p-(PP+3p—4)—1-(p°—5p+4) = 3p°+p—4
has the non-zero normal form
3p°+p—4 —3-(pP+3p—4) = —8p+8.

The new set F U {—8p + 8} now passes the test imposed by Buchberger’s
Criterion: it is a Grobner basis. The resulting reduced Grébner basis equals
G = {p—1}. In particular, we conclude V(F)= {1} Cc C.



100 L. Pachter and B. Sturmfels

Remark 3.12 If 7 C Q[p] is a set of polynomials in one unknown p then the
reduced Grobner basis G of the ideal (F) consists of only one polynomial g.
The polynomial g is the greatest common divisor of F.

Buchberger’s algorithm is therefore a generalization of the Euclidean algo-
rithm for polynomials in one unknown. Likewise, the Buchberger Algorithm
simulates Gaussian elimination if we apply it to a set F of linear polynomials.
We can thus think of Grobner bases as a Euclidean algorithm for multivariate
polynomials or a Gaussian elimination for non-linear equations.

In summary, Grobner bases and the Buchberger Algorithm for finding them
are fundamental notions in computational algebra. They also furnish the en-
gine for more advanced algorithms for algebraic varieties. Polynomial models
are ubiquitous across the sciences, and play a role in numerous biological con-
texts, including settings quite different from those described in this book. For
example, they are used in computational systems biology [Laubenbacher, 2003]
and for finding equilibria in reaction networks [Craciun and Feinberg, 2004,
Gatermann and Wolfrum, 2005]. Computer programs for algebraic geometry
include CoCoA, Macaulay 2 and Singular. All three are free and easy to use.
Within minutes you will be able to test whether a variety V(F) is empty, and,
if not, compute its dimension.

3.2 Implicitization

Consider the polynomial map which represents an algebraic statistical model:
f:Cc?—Ccm (3.8)

Here the ambient spaces are taken over the complex numbers, but the coordi-
nates f1,..., fin of the map f are polynomials with rational coefficients, i.e.,
fisoooy fm € Qlfy,...,04]. These assumptions are consistent with our discus-
sion in the previous section. We start out by investigating the following basic
question: is the image of a polynomial map f really an algebraic variety?

Example 3.13 Consider the following map from the plane into three-space:
f:C*—C, (61,02) — (67,01 02,01 02)
The image of f is a dense subset of a plane in three-space, namely, it is

f(C?) = {(p1,p2.p3) €C® : po=p3and (p; =0 implies p, =0) }
= (V(p2 —p3) \ V(p1,p2—p3)) U V(p1,p2,ps3).

Thus the image of f is not an algebraic variety, but its closure is: f(C2) =
V(p2 — p3). The set f(C?) is a Boolean combination of algebraic varieties.
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The following general theorem holds in algebraic geometry. It can be derived
from the Closure Theorem in Section 3.2 of [Cox et al., 1997].

Theorem 3.14 The image of a polynomial map £ : C* — C™ is a Boolean

combination of algebraic varieties in C™. The topological closure £(C%) of the
image f(C%) in C™ is an algebraic variety.

The statements in this theorem are not true if we replace the complex num-
bers C by the real numbers R. This can already be seen for the map f in
Example 3.13. The image of this map over the reals equals

f(R?) = { (p1,p2: p3) €R® ¢ py=p3 and (p1 >0 or py =py=p3=0)}.

The closure of the image is a half-plane in R?, which is not an algebraic variety:

f(R?) = {(p1,p2,p3) €ER® : pp=p3gandp; >0 }.

It is instructive to carry this example a little further and compute the images
of various subsets © of R% For instance, what is the image f(©) of the
square © = {0 < 61,60, < 1}7 For answering such questions in general, we
need algorithms for solving polynomial inequalities over the real numbers. Such
algorithms exists in real algebraic geometry, which is an active area of research.
However, real algebraic geometry lies beyond what we are hoping to explain
in this book. In this chapter, we restrict ourselves to the much simpler setting
of polynomial equations over the compler numbers. For an introduction to
algorithms in real algebraic geometry see [Basu et al., 2003].

We shall adopt the following convention: By the image of the polynomial map
f in (3.8) we shall mean the algebraic variety f(C?) in C™. Thus we disregard
potential points p in £(C4)\f(C?). This is not to say they are not important.

In fact, in a statistical model for a biological problem, such boundary points p
might represent probability distributions we really care about. If so, we need
to refine our techniques. For the discussion in this chapter, however, we keep

the algebra as simple as possible and refer to f(C9) as the image of f.
Let I denote the set of all polynomialsin Q[p1, . . ., py,] that vanish on the set

£(C%). Thus If is the ideal which represents the variety £(C9). A polynomial
h € Q[p1,--.,pm| lies in the ideal If if and only if

h(fi(t), f2(8), . fm(t)) = 0  forall t = (t1,ta,...,tq) €RL  (3.9)

The ideal If is a prime ideal. This means that if a factorizable polynomial
h =h'-h" satisfies (3.9) then one of its factors h’ or h” will also satisfy (3.9).
In the condition (3.9) we can replace R? by any open subset © C R¢ and we get
an equivalent condition. Thus Ir equals the set of all polynomials that vanish
on the points f(¢) where ¢ runs over the parameter space ©. The polynomials
in the prime ideal If are known as model invariants in algebraic statistics. For
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instance, for DiaNA’s model in Example 3.9, the model invariants include the
3 x 3-minors of the 4 x 4-matrix of probabilities.

The computational task resulting from our discussion is called implicitiza-
tion: Given m polynomials f1,..., fi, in Q[61, ..., 04 which represent a poly-
nomial map f : C¢ — C™, implicitization seeks to compute a finite set F of
polynomials in Q[py, po, ..., pm] such that (F) = If. Actually, it would be
preferable to have a Grobner basis G of the ideal Ir. Our point of view is this:

“compute the image of a polynomial map f

means “compute generators of the prime ideal I¢”

Example 3.15 We compute the images of five different maps f : C? — C3:

(a) If £ = (6%, 0105, 6105) then Iy = {py — p3). This is Example 3.13.

b) If f = (62, 20,05, 02) then Iy = (pip3 — 4p2) = Hardy-Weinberg.
1 2 2

(c) If £ = (63,6162, 65) then Iy = (pip3 —p3”).

) If £ = (60746102, 07+63, 0102+65) then we get the same ideal in new
coordinates: Ir = (2" (p1+p2 —p3)*(p2+p3 —p1)° — (p1 +p3 —p2)*°).
(e) If £ = (67 +063, 03+ 63, 0 +63) then we actually have to do a com-

putation to find I = (p§ — 4p3p3 — 4p3 + 12p1p3ps — 3pip3 — 2p3 ).

The last ideal If was computed in Singular using the following six commands:

ring s=0, (pl,p2,p3),1lp;

ring r=0, (t1,t2), lp;

map £ = s, t172+t272, t17°3+t273, t174+t274;
ideal i0 = 0;

setring s;

preimage(r,f,i0);

It should be tried and then redone with the third line replaced as follows:
map £ = s, t175+t1%t2, t1756+t274, t1*xt2+t274;

This produces the surface of degree 20 in Example 3.15 (d). The output is
very large, and underlines the importance of identifying a coordinate change
that will simplify a computation. This will be crucial for the applications to
phylogenetics discussed in Chapter 15 and 16.

In order to understand the way Grobner basis software (such as Singular)
computes images of polynomial maps, we need to think about the ideal Iy in
the following algebraic manner. Our polynomial map f : C¢ — C™ induces
the map between polynomial rings in the opposite direction:

£ Q[p17p27"'7pm] - Q[elv"'aed]
h(p17p27"'7pm) = h(fl(e)va(e)vvfm(e))
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The map f* is a ring homomorphism, which means that £*(h'+h") = £*(h/) +
£*(h") and £*(h'-1"") = £*(W')-£*(1"). Thus the ring homomorphism is uniquely
specified by saying that £*(p;) = fi(0) for all i. The kernel of £* is the set
(f*)71(0) of all polynomials h € Q[py,...,pm] that get mapped to zero by f*.

Proposition 3.16 The kernel of £* equals the prime ideal Iy C Q[p1, ..., Pm]-

Proof A polynomial h satisfies f*(h) = 0 if and only if the condition (3.9)
holds. Thus & lies in kernel(f*) = (£*)~1(0) if and only if h lies in If. O

If I is any ideal in Q[f1, ..., 0, then its preimage (£*)71(I) is an ideal in
Q[p1,---,pm]. The next theorem characterizes the variety in C" of this ideal.

Theorem 3.17 The variety of (£*)71(I) is the closure in C™ of the image of
the variety V (I) € C* under the map f; in symbols,

V(EHTia)) = f(v)) < cm (3.10)

Proof We identify the ideal I with its image in the enlarged polynomial ring
Q[O1,...04,p1,p2, - - -, Pm). Inside this big polynomial ring we consider the ideal

J = I+ <p1_f1(9)7p2_f2(9)7 7pm_fm(9)> (3'11)

The ideal J represents the graph of the restricted map f : V(I) — C™. Indeed,
that graph is precisely the variety V(.J) € C%™. The desired image f£(V (1))
is obtained by projecting the graph V(J) onto the space C™ with coordinates

D1, - - -, Pm- Algebraically, this corresponds to computing the elimination ideal
Y1) = J N Qpi,--.sPml- (3.12)
Now use the Closure Theorem in [Cox et al., 1997, Sect. 3.2]. O

The Singular code displayed earlier is designed for the setup in (3.10). The
map command specifies a homomorphism f from the second polynomial ring
s to the first polynomial ring r, and the preimage command computes the
preimage of an ideal i0 in r under the homomorphism f. The computation
inside Singular is done by cleverly executing the two steps (3.11) and (3.12).

Example 3.18 We compute the image of the hyperbola V(6162 — 1) under
the map f in Example 3.15 (e) by replacing the line ideal i0 = 0 ; by the
new line ideal i0 = t1*t2-1 ; in our code. The image of the hyperbola
in three-space is a curve which is the intersection of two quadratic surfaces:

()71 ((010o—1)) = (pips—p1—p3+2, pi—p3—2)  C  Q[p1,p2 ps
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Example 3.19 Consider the hidden Markov model of Subsection 1.4.3 where
n = 3 and both the hidden and observed states are binary (I = I’ = 2). The
parameterization (1.52) is a map f : R* — R® which we enter into Singular:

ring s = 0, (p000, p001, p010, pO11l, p100, pi101, p110, pli1l),lp;
ring r = 0, ( x,y, u,v ), lp;
map f = s, x"2*%u”3 + x*x(l-x)*u"2%(1-v) +
(1-x)*(1-y)*u” 2% (1-v) + (1-x)*y*u*x(1-v)~2 + (L-y)*xx(1-v)*u~2 +
(1-y)* (1-x)*(1-v) "2%u + y*(1-y)*(1-v) "2%u + y 2x(1-v)"3,
x"2xu" 2% (1-u) + x*x(1-x)*u"2*v + (1-x)*(1-y)*ux(1-v)*(1-u) +
(1-x)*y*ux (1-v) *v + (1-y)*x*x(1-v)*uwk(1l-u) +
(1-y)* (1-x)* (1-v)*u*xv + y*x(1-y)*(1-v) "2*x(1-u) + y 2% (1-v) "2%v,
x"2xu" 2% (1-u) + x*x(L-x)*ux(1-w)*(1-v) + (1-x)*(1-y)*u~2xv +
(1-x)*y*ux (1-v) *v + (1-y)*x*(1-v)*ux(1-u) +
(1-y)*(1-x)*(1-v) "2x (1-u) + y*(1-y)*(1-v)*xv*u +y 2% (1-v) "2*v,
x"2xux (1-u) "2 + xx(L-x)*ux(1-w)*v + (1-x)*(1-y)*urvx(l-u) +
(1-x)*y*uxv™2 + (1-y)*x*x(1-v)*(1-u) "2 + y 2% (1-v)*v"2 +
(1-y)*(1-x)*(1-v)*(1-u)*v + y*(1-y)*(1-v)*v*(1-u),
x"2¥%u”"2x (1-u) + xx(L-x)*ux(1-uw)*(1-v) +
(1-x)* (L-y) *ux (1-v) *(1-u) + (1-x)*xy*(1-w)*(1-v)"2 +
(1-y)*x*xvku~2 + (1-y)*(1-x)*(1-v)*uxv + y*(1-y)*(1-v)*v*u +
v 2x (1-v) "2*xv, x"2*%u*x(1-u) "2 + x*x(1-x)*ux(l-u)*v +
(1-x)*(1-y)*(1-u) "2* (1-v) + (1-x)*y*(1-w)*(1-v)*v +
(1-y)*x*xvru*x (1-u) + (1-y)*(1-x)*v~2*%u + y*(1-y)*(1-v)*v*(1-u) +
yo2x (1-v)*v~2, x"2*%u*x(1-u) "2 + x*x(1-x)*(1-u) "2*x(1-v) +
(1-x)* (L-y) *uxv* (1-u) + (1-x)*y*(1-w)*(1-v)*v +
(1-y)*x*xvku*x (1-u) + (1-y)*(1-x)*(1-v)*(1-w)*v + y*(1-y)*v " 2%u +
y 2% (1-v)*v"2, x"2%(1-u) "3 + x*x(1-x)*(1-u) "2%v +
(1-x)*(1-y)*(1-u) "2*v + (1-x)*y*(1-u)*v"2 + (1-y)*xxv*(l-u)~2 +
(L-y)*(1-x)*v" 2% (1-u) + y*(1-y)*v 2% (1-u) + y " 2%v~3;

Here the eight probabilities have been scaled by a factor of two (the initial
distribution is uniform), and the model parameters are abbreviated

oo =x, Opp=1—-x, Op=1-y, 61 =y

The model invariants of the hidden Markov model can now be computed using
ideal i0 = 0; setring s; preimage(r,f,i0);

This computation will be discussed in Chapter 11. Suppose we are interested
(for some strange reason) in the submodel obtained by equating the transition
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matrix 6 with the inverse of the output matrix €. The invariants of this
two-dimensional submodel are found by the method of Theorem 3.17, using

ideal 1 = x*u + x*v - X - vV, y¥u + y*v — y - u ; setring s;
preimage(r,f,1);

The extension of these computations to longer chains (n > 4) becomes pro-
hibitive. Off-the-shelf implementations in any Grobner basis package will al-
ways run out of steam quickly when the instances get bigger. More specialized
linear algebra techniques need to be employed in order to compute invariants
of larger statistical model. Chapter 11 is devoted to these important issues.

We next discuss an implicitization problem which concerns an algebraic vari-
ety known as the Grassmannian. In our discussion of the space of phylogenetic
trees in Section 3.5, we shall argue that the Grassmannian is a valuable geo-
metric tool for understanding and designing algorithms for biology. Let Q[6]
be the polynomial ring in the unknown entries of the 2 x n matrix

0 - (911 012 O3 ... 91n>
01 baa b3 ... O2,)

Let Q[p] = [pij : 1 <i<j<n] be the polynomial ring in the unknowns

{ P12, P13, P23, P14, P21, P34, P15,y -5 P }- (3.13)

Consider the ring homomorphism f* : Q[p] — Q[0], pi; — 61:62; — 01;602;.
The corresponding polynomial map f : C?*" — C(%) takes a 2 x n-matrix to
the vector of 2 x 2-subdeterminants of §. The image of this map is the Grass-
mannian, denoted Go, = f (C?"). The Grassmannian is an algebraic variety,

i.e., it is closed: f(C?*') = f(C2"). The prime ideal of the Grassmannian is
denoted Iy, = kernel(f*). This ideal has a nice Grébner basis:

Theorem 3.20 The ideal I>,, is generated by the quadratic polynomials
PikPjl — PijPkl — PilPjk (1<i<j<k<l<n). (3.14)

These form the reduced Grobner basis when the underlined terms are leading.

Proof See Theorem 3.1.7 and Proposition 3.7.4 in [Sturmfels, 1993]. O

The dimension of the Grassmannian G5, is computed using Theorem 3.7.
The initial ideal ins(I2,) = (pix-py : 1 <i<j<k<l<n) can be
visualized as follows. Draw a convex n-gon with vertices labeled 1,2,3,...,n.
We identify the unknown p;; with the line segment connecting the vertex ¢
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and the vertex j. The generators of in(I2,) are the pairs of line segments
that cross each other. Consider an arbitrary monomial in Q[p]:

m = H p?;j (where a;; > 0 for all (4, j) € S5).
(i,5)€S

This monomial m is standard if and only if m does not lie in in-(I2,) if and
only if the set S contains no crossing diagonals if and only if the line segments
in S form a subdivision of the n-gon. Hence a subset S of (3.13) is a maximal
standard set if and only if the edges in .S form a triangulation of the n-gon.

1

The number of triangulations S of the n-gon is the Catalan number 5 (27? )

The number of edges in each triangulation S equals |S| = 2n — 3.

Corollary 3.21 The Grassmannian G, =V (I2,) has dimension 2n — 3.

The ideal I5 ,, is known as the Pliicker ideal, and the quadratic polynomials
in (3.14) are known as the Plicker relations. The Pliicker ideal I3, has two
natural generalizations. First, we can replace 6 by a d x n-matrix of unknowns
(for any d < n) and we can define the Pliicker ideal I, by taking the algebraic
relations among the d x d-minors of 6. Thus Iz, is a prime ideal in the
polynomial ring in (Z) unknowns Q[p]| = Q[piliz---id 1< <ig < <
iqg < n] The corresponding variety in C(@) is the Grassmannian Gan =
V(Ign). Regarding Gy, as projective variety, the points in Gg, are in a
natural bijection with the d-dimensional linear subspaces of the n-dimensional
vector space C". Here p = f(0) € (C(Z) corresponds to the row space of
the matrix §. Theorem 3.20 generalizes to this situation: the ideal Iy, is
generated by quadratic polynomials known as the Pliicker relations. Among
these are the three-term Pliicker relations which are derived from (3.14):

DPuyvg_gik " Pui-wg_ojl = Pvi-vg_oij "Purivg okl = Pui-wg_oil " Puy-vg_ojk- (3.15)
The three-term Pliicker relations are not quite enough to not generate Ig .
The second natural generalization of the ideal I3 ,, is based on the identity
0 Pij Pk Dil
—pij 0 Pjk  Pjt | (3.16)
—pit —DPjk 0 pw
—pi —pjt —pr O

2
(pirpjt — pijpw — pupjk)” = det

This is a skew-symmetric 4 x 4-matrix with unknown entries p;;. The square
root of the determinant of a skew-symmetric 2k x 2k-matrix is a polynomial of
degree k known as its pfaffian. Hence the Pliicker relation (3.14) is the pfaffian
of the matrix in (3.16). Skew-symmetric matrices of odd size are singular, so
the determinant of a skew-symmetric (2k + 1) x (2k + 1)-matrix is zero.
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Remark 3.22 By Theorem 3.20 and (3.16), the Pliicker ideal I5 ,, is generated
by the 4 x4-subpfaffians of an indeterminate skew-symmetric n x n-matrix (p;;).

Let I3, be the ideal generated by the 2k x 2k-subpfaffians of a skew-
symmetric n X n-matrix p;;. Thus Iz, 2 = I ,, and I>¢3 is generated by

D14P25P36 — P15P24P36P14P26P35 + P15P26P34 — +P16P24P35
P16P25D34 + P13D26P45 — P12P36P45P16P23P45P13P25P46
— + P12P35P46 + P15P23P46 + P13P24DP56 — P12D34DP56P14D23P56

0 P12 P13 P4 P15 P16 (317)
-pi2 0 P23 P2a P25 P26
_ qotl/2 | P P23 0 psa pss s
—p14a —paa —p3a O D45 D46
—p15 —P25 —DP35 —pas 0 Dpse
—p16 —P26 —DP36 —Pi6 —Ps6 O

It turns out that I, j is always a prime ideal. We introduce k — 1 matrices

10— (9;; 9?% 9% 9?;) (s=1,2,....,k—1).
021 022 023 02

n

The 2(k — 1)n entries of these k — 1 matrices are the parameters for the map

g o (CPmk=1 ) (g g%y s £(0M) 4 - 4 £(0%D). (3.18)

Theorem 3.23 The image of the map g is the variety defined by the 2k x 2k-
subpfaffians. We have Ig = I, and image(g) = V(Iank)-

The variety V(I k) consists of all skew-symmetric n x n-matrices of rank
less than 2k. Geometrically, V(I2,.) is the (k — 1)st secant variety of the
Grassmannian. Indeed, the passage from the polynomial map f to the polyno-
mial map g in (3.18) corresponds to the geometric construction of passing from
a projective variety to its (k — 1)st secant variety. For a proof of Theorem 3.23
see [De Concini et al., 1982]. The Grobner basis in Theorem 3.20 generalizes
from Iy, to I, k, and so does its convex n-gon interpretation. The initial
ideal in. (I, k) for a suitable term order < is generated by the k-element
sets of pairwise crossing diagonals (see [Dress et al., 2002]). As an example
consider the 15 monomials in the cubic pfaffian given above (this is the case
k = 3,n = 6). The underline initial monomial is the only one that represents
three pairwise crossing diagonals.

There are many biologically important models for which a complete descrip-
tion of the prime ideal has not yet been established. For instance, consider
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the two hidden tree models in Examples 1.24 and 1.25. When taken with
unspecified root distributions, these models are specified by polynomial maps

f.CclB - b and .0 - cH

The corresponding prime ideals If and Iy have a conjectural description
which we summarize as follows. Here we disregard the linear form ) p..—1 and
consider the ideals of all homogeneous polynomials vanishing on the models.

Conjecture 3.24 The ideal If is generated by homogeneous polynomials of
degree 3, and Ig is generated by homogeneous polynomials of degree 5 and 9.

This conjecture represents the borderline of our knowledge on what is known
as the naive Bayes model in statistics and as secant varieties of Segre varieties
in Geometry. For known results and further background see Chapters 15 and
16, [Allman and Rhodes, 2004b, Section 6], and [Garcia et al., 2004, Section
7].

Example 3.25 Here we make the first part of Conjecture 3.24 precise by
describing an explicit set of cubics which are believed to generate the kernel of

* . Qlp] — Q[f,A]

,,,,,, rl gr2 pgr3 grd gr5 or6 _ rl gr2 pgr3 grd gr5 gr6
Pivisiziaisic Ao, 005,005, 00i, 000,003 T (1-A) 14,073, 077,017,017, 014, -

Consider any split of {1,2,3,4,5,6} into two subsets A and B of size at least

dimensional matrix where the rows are indexed by functions A — {1,2} and
the columns are indexed by functions B — {1, 2}. These matrices have rank at
most two for all distributions in the model, hence their 3 x3-subdeterminants lie
in the ideal I¢. It is conjectured that I is generated by these 3 x 3-determinants.
For example, the 8 x 8-matrix for A = {1,2,3} and B = {4, 5,6} equals

P000000  P000001 P000010 P000011 P000100 P000101 P000110 P000111
P001000  P001001 P001010 P001011 P001100 P001101 P001110 P001111
P010000 P010001 P010010 P010011 P010100 P010101 P010110 P010111
Po11000 P011001 P011010 Po11011 P011100 P011101 Po11110 Po11111
P100000 P100001 P100010 P100011 P100100 P100101 P100110 P100111
Pb1o1000 P1o1001 P101010 P1o1011 P10o1100 P101101 P101110 P1o11ll
P110000 P110001 P110010 P110011 P110100 P110101 P110110 P110111
Pb111000 P111001 P111010 Pi111011  P111100 P111101  P111110  Pii11ll

Chapter 19 presents a new algorithm for phylogenetic reconstruction based on
the fact that such matrices have low rank for all splits (A, B) in the tree. That
algorithm is an algebraic variant of Neighbor Joining (Section 2.4), where the
decision about which cherries to pick rests on singular value decompositions.
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3.3 Maximum likelihood estimation

An algebraic statistical model is a map f : C* — C™ whose coordinate func-
tions fi,..., fi;n are polynomials with rational coefficients in the parameters
6 = (61,...,04). The parameter space © is an open subset of R? such that
f(©) C RY,. If we make the extra assumption that fi+---+ f;, —1 is the zero
polynomial then f(©) is a family of probability distributions on the state space
[m] = {1,...,m}. A given data set is summarized in a vector u = (uy, ..., Up)
of positive integers. The problem of maximum likelihood estimation is to find
a parameter vector § in © which best explains the data w. This leads to the
problem of maximizing the log-likelihood function

= 3w log(fi(0)). (3.19)
i=1

Every local and global maximum f in O is a solution of the critical equations

ot, o, I,

T M = Y, 2
06, 00 004 0 (3-20)
The derivative of £,,(6) with respect to the unknown 6; is the rational function
oly, ui Ofi uz 0fy Um  Ofm
_ o . 3.21
o0~ R@on T n@on T Fe) on (321

The problem to be studied in this section is computing all solutions # € C? to
the critical equations (3.20). Since (3.21) is a rational function, this set is an
algebraic variety outside the locus where the denominators of these rational
functions are zero. Hence the closure of this set is an algebraic variety in C¢,
called the likelihood variety of the model f with respect to the data w.

In order to compute the likelihood variety we proceed as follows. We in-
troduce m new unknowns zi, ..., z, where z; represents the inverse of f;(6).
The polynomial ring Q[f, z] = Q[f1,...,04, 21, ..., 2y] is our “big ring”, as
opposed to the “small ring” Q[f] = Q[b1, ..., 0] which is a subring of Q[6, z].
We introduce an ideal generated by m + d polynomials in the big ring Q[6, z]:

moy
Ju = (2fi0) =1, ... zmfm(0) — 1, Z“fzfae Z”agjz

A point (6, z) € CH™ lies in the variety V(.J,) of this ideal if and only if 6 is
a critical point of the log-likelihood function with f;(6) # 0 and z; = 1/f;(6)
for all 7. We next compute the elimination ideal in the small ring;:

I, = Jy N Qés,....04. (3.22)

We call I, the likelihood ideal of the model f with respect to the data u. A
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point § € C? with all f;(f) nonzero lies in V(I,,) if and only if § is a critical
point of the log-likelihood function ¢,(6). Thus V' (I,,) is the likelihood variety.

The algebraic approach to solving our optimization problem is this: Compute
the variety V(I,) C C¢, intersect it with the preimage f~1(A) of the (m—1)-
dimensional probability simplex A, and identify all local maxima among the
points in V(I,) N f~1(A). We demonstrate this for an example.

Example 3.26 Let d =2 and m = 5 and consider the following model:

ring bigring = 0, (t1,t2,z1,z2,z3,z4,z5), dp;

poly f1 = 2/5 - 6/5%t2 -6/5%t1 + 21/5%t1%t2;
poly f2 = 6/5%t2 - 18/5*t1*t2 + 6/5%t1;
poly £3 = 3/5 - 9/5%t2 - 9/5%t1 + 39/5xt1%t2;
poly f4 = 6/5%t2 - 21/5xt1%t2 + 3/5%t1;
poly f5 = 6/5%t1 - 21/5xt1%t2 + 3/5%t2;

We use Singular notation with #; = t1 and 6, = t2. This map f: C*> — C°
is the submodel of the Jukes-Cantor model in Examples 1.7 and 4.21 obtained
by fixing the third parameter 3 to be 1/5. Suppose the given data are

int ul = 31; int u2 = 5; int u3 = 7; int u4 = 11; int ub = 13;
We specify the ideal J,, in the big ring Ql[61, 62, 21, 22, 23, 24, 25):

ideal Ju = zi1xf1-1, z2xf2-1, z3xf3-1, z4xf4-1, zbxfb-1,
ulxz1*xdiff (£1,t1)+u2*z2xdiff (£2,t1)+u3*z3*diff (£3,t1)
+ud*z4*diff (£4,t1) +ub*zb*xdiff (£5,t1),

ulxz1*xdiff (£1,t2)+u2*z2xdiff (£2,t2)+u3*z3*diff (£3,t2)
+ud*z4xdiff (£4,t2) +ub*zb*xdiff (£5,t2);

Next we carry out the elimination step in (3.22) to get the likelihood ideal I,:

ideal Iu = eliminate( Ju, z1*z2*z3*z4d*xz5 );
ring smallring = 0, (t1,t2), dp;
ideal Iu = fetch(bigring,Iu); Iu;

The likelihood ideal I, is generated by six polynomials in (6, 6;) with large
integer coefficients. Its variety V(I,) C C? is a finite set (it has dimension
zero) consisting of 16 points. This is seen with the commands

ideal G = groebner(Iu); dim(G); vdim(G);
The numerical solver in Singular computes the 16 points in V(I,,):

ideal G = groebner(Iu); LIB "solve.lib"; solve(G,20);
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Precisely ten of the 16 points in V' (I,) have real coordinates, and of these
precisely three correspond to probability distributions in our model. They are:

o) = (0.1476, —0.0060), 8® = (0.3652,0.3553) and 6> = (0.3038,0.3000).

The corresponding probability distributions in A C R® are

f()) = (0.22638, 0.17309, 0.33823, 0.08507, 0.17723),
£(02) = (0.08037, 0.39748, 0.31518, 0.10053, 0.10644),
£(0)) = (0.05823, 0.39646, 0.22405, 0.15950, 0.16177),

and the values of the log-likelihood function at these distributions are
0,(0M) = —112.0113, £,(0?) = —145.2426 and £,(8®)) = —147.1159.

To determine the nature of the critical points we examine the Hessian matrix

020,/062  0%0,/96,0,
020,060,105 020,06

At 0 and 63 both eigenvalues of the Hessian matrix are negative, so these
are local maxima, while at 83 there is one positive eigenvalue and one negative
eigenvalue, so ) is a saddle point. We conclude that 9 =00 is the maximum
likelihood estimate for the data u = (31,5,7,11, 13) in the Jukes-Cantor model
specialized at 5 = 0.2. The local maximum #® shows that the likelihood
function for this specialized model is multimodal.

An important question for computational statistics is this: What happens
to the maximum likelihood estimate # when the model f is fixed but the
data w vary? This variation is continuous in u because the log-likelihood
function ¢,(0) is well-defined for all real vectors u € R™. While the u; are
positive integers when dealing with data, there is really no mathematical reason
for assuming that the u; are integers. The problem (3.19) and the algebraic
approach explained in Example 3.26 make sense for any real vector u € R™.

If the model is algebraic (i.e. the f; are polynomials or rational functions)
then the maximum likelihood estimate 6 is an algebraic function of the data
u. Being an algebraic function means that each coordinate @ of the vector 0
is one of the zeroes of a polynomial of the following form in one unknown 6;:

ar(u) -0 + ap—1(u)- 9;_1 + -+ as(u) -0? + ai(u) - 0; + ap(u). (3.23)

Here each coefficient a;(u) is a polynomial in Q[uq, . .., u,], and the leading
coefficient a,(u) is non-zero. We can further assume that the polynomial (3.23)
irreducible as an element of Q[uq, ..., U, 0;]. This means that the discrim-
inant of (3.23) with respect to 6; is a non-zero polynomial in Q[uq, ..., uy)].
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We say that a vector u € R™ is generic if u is not a zero of that discriminant
polynomial for all i € {1,...,m}. The generic vectors u are dense in R™.

Definition 3.27 The maximum likelihood degree (or ML degree) of an alge-
braic statistical model is the number of complex critical points of the log-
likelihood function ¢,(0) for a generic vector u € R™.

For most models f and most data u, the following three things will happen:

e The variety V (I,,) is finite, so the ML degree is a well-defined positive integer.
e The ideal Q[#;] N I, is prime and is generated by the polynomial (3.23).
e The ML degree equals the degree r of the polynomial (3.23).

The ML degree is an invariant of the statistical model f. It measures the
algebraic complexity of the process of maximum likelihood estimation for that
model. In particular, the ML degree of f is an upper bound for the number of
critical points in © of the likelihood function, and hence an upper bound for the
number of local maxima. For instance, for the specialized Jukes-Cantor model
in Example 3.26, the ML degree is 16, and the maximum likelihood estimate
0 = (51,52) is an algebraic function of degree 16 of the data (ui,...,us).
Hence, for any specific u € N°, the number of local maxima is bounded above
by 16. In general, the following upper bound for the ML degree is available.

Theorem 3.28 Let f : C¢ — C™ be an algebraic statistical model whose
coordinates are polynomials f1, ..., fm of degrees by, ..., by, in the d unknowns
01,...,0q. If the mazximum likelihood degree of the model f is finite then it is
less than or equal to the coefficient of z* in the rational generating function

(1-2)7
(1 —2b1)(1 —zbg) -+ (1 —2by,)"
Equality holds if the coefficients of the polynomials f1, fa, ..., fm are generic.

(3.24)

Proof See [Catanese et al., 2004]. O

Example 3.29 Consider any statistical model which is parameterized by m =
5 quadratic polynomials f; in d = 2 parameters 61 and #>. The formula in
Theorem 3.28 says that the maximum likelihood degree of the model f =
(f1, f2, f3, f1, f5) is at most the coefficient of 2?2 in the generating function

(1-2)?
(1-22)5
Hence the ML degree is 41 if the f; are generic, and < 41 for special quadrics

= 1+4+8z+412%2 +1702% +6202* + - - - .

fi- An instance is Example 3.26, where the model was given by five special
quadrics in two unknowns, and the ML degree was 16 < 41.
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We derive the number 41 from first principles. The critical equations are

ur 0ft w2 0fs us O fs ur 0ft w2 0fs us Ofs
f1001  fa 00, f5 061 f1 00y fa 00, f5 002

We claim that these equations have 41 solutions. Clearing denominators gives

g£1f2f3f4f5 + uzg'gjflfshfs + +usg§:

for i = 1,2. Each of these two equations specifies a curve of degree 9 in the

0.

fifafsfa = 0. (3.25)

Uy

plane C2. By Bézout’s Theorem, these two curves intersect in 81 = 9-9
points. However, of these 81 points, precisely 40 = (‘;’) -2 -2 points are
accounted for by pairwise intersecting the given quadratic curves:

fi(01,00) = [fi(b1,02) = 0O (1<i<j<5s).

Each of the four solutions to this system will also be a solution to (3.25). After
removing these extraneous solutions, we are left with 41 = 81 — 40 solutions
to the two critical equations. Theorem 3.28 says that a similar argument works
not just for plane curves but for algebraic varieties in any dimension.

For some applications it is advantageous to replace the unconstrained opti-
mization problem (3.19) by the constrained optimization problem

Maximize wuj -log(p1) + -+ + up, -log(pm) subject to p e £(0). (3.26)

The image of f can be computed, in the sense discussed in the previous section,
using the algebraic techniques of implicitization. Let Ir C Q[p1,p2, .- -, Dm)
denote the prime ideal consisting of all polynomials that vanish on the image
of the map f: C? — C™. Then we can replace f(0) by Va(If) in (3.26).
Algebraic geometers prefer to work with homogeneous polynomials and pro-
jective spaces rather than non-homogeneous polynomials and affine spaces. For
that reason we introduce the ideal Pr generated by all homogeneous polyno-
mials. The homogeneous ideal Pr represents the model f just as well because

Ir = P+ (pr+p2+-+pm—1) and Va(ly) = Va(FPx).

For instance, Conjecture 3.24 is all about the homogeneous ideals Pr and P .

Example 3.30 The homogeneous ideal for the model in Example 3.26 equals

P = (4p3 — 3paps — 6papa — 6paps + 2p3pa + 2psps + 10paps
6p1 + 3p2 — 4p3 — 2ps — 2ps ).
Thus V(P) is a quadratic surface which lies in a (three-dimensional) hyper-

plane. Our computation in Example 3.26 was aimed at finding the critical
points of the function pj*py2ps®py*ps® in the surface Va(Pf). This constrained
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optimization problem has 16 complex critical points for generic uq, ..., us.
Thus the maximum likelihood degree of this quadratic surface is equal to 16.

Once we are working with statistical models in their implicitized form,
there is no longer a need for the map f. Thus we may suppose that P C
Q[p1,---,pm] be an arbitrary homogeneous ideal. The MLE problem for P is

Maximize uq-log(p1) + -+ + wm -log(py) subject to p € VA(P).  (3.27)

Since P is homogeneous, we can regard V (P) as a variety in complex projective
(m — 1)-space P!, Let Sing(P) denote the singular locus of the projective
variety V(P), and let Vg« (P) be the set of points in V(P) all of whose coor-
dinates are non-zero. We define the likelihood locus of P for the data u to be
the set of all points in Vi« (P)\Sing(P) that are critical points of the function
> iy uj - log(p;). The mazimum likelihood degree (or ML degree) of the ideal
P is the cardinality of the likelihood locus when u is a generic vector in R™.

To characterize the likelihood locus algebraically, we use the technique of
Lagrange multipliers. Suppose that P = (g1,92,...,9,) where the g; are
homogeneous polynomials in Q[p1, p2, . .., pm|. We consider

m
up-log(p1) + -+ + tm 10g(pm) + Ao(1=Y i) + Aigi + -+ + Argr. (3.28)
i=1
This is a function of the m 417+ 1 unknowns p1, ..., Pm, Ao, AL, - - ., Ap. A point
p € Ve«(P)\Sing(P) lies in the likelihood locus if there exists A € C"*! such
that (p, A) is a critical point of (3.28). Thus we can compute the likelihood locus
(and hence the ML degree) from the ideal P using Grobner basis elimination
techniques. Details are described in [Hogten et al., 2004].

If the generators g1, . . ., g, of the homogeneous ideal P are chosen at random
relative to their degrees dy, . .., d, then the projective variety V(P) is smooth
of codimension 7 (by Bertini’s Theorem), and we call V (P) a generic complete
intersection. The following formula for the ML degree is valid in this case.

Theorem 3.31 Let P = (g1,...,9r) be an ideal in Q[p1,...,pm| where g; is
a homogeneous polynomial of degree d; for i = 1,...,r. Then the maximum
likelihood degree of P s finite and is bounded above by

i1 gio . Jir
N dpdg--di
i1 +ig+-Fip<m—1
11>0,...,ir0

Equality holds when V(P) is a generic complete intersection, that is, when
the coefficients of the defining polynomials g1, go, . . ., g are chosen at random.

Proof See [Hosten et al., 2004]. O
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Example 3.32 Let m = 5,7 = 2 and P = (g1,92) where g; and go are
random homogeneous polynomials of degrees dy and dy in Q[p1, p2, 3, P4, P5)-
Then V(P) is a surface in P4, and Va(P) is either empty or is a surface in the
4-simplex A. The maximum likelihood degree of such a random surface equals

didy + didy + did5 + didy + did3 + dids.

In particular, if dy = 1 and dy = 2, so V(P) is a quadratic surface in a
hyperplane, then the ML degree is 2 + 2+4 + 244+ 8 = 22. This is to
be compared with the ML degree 16 of the surface in Example 3.30. Indeed,
Pr has codimension 2 and is generated by two polynomials with d; = 1 and
ds = 2. But the coefficients of the two generators of Pr are not generic enough,
so the ML degree drops from 22 to 16 for the specific surface V(Pk).

3.4 Tropical geometry

In the first three sections of this chapter we introduced algebraic varieties and
we showed how computations in algebraic geometry might be useful for statis-
tical analysis. In this section we give an introduction to algebraic geometry in
the piecewise-linear setting of the tropical semiring (R U {o0}, ®,®).

We had our first encounter with the tropical universe in Chapter 2. While the
emphasis there was on tropical arithmetic and its computational significance,
here we aim to develop the elements of tropical algebraic geometry. We shall see
that every algebraic variety can be tropicalized, and, since statistical models
are algebraic varieties, statistical models can be tropicalized.

Let g1, ..., gm be unknowns which represent elements in the tropical semir-
ing (RU{oo},®,®). A monomial is any product of these unknowns, where
repetition is allowed. By commutativity, we can sort the product and write
monomials in the usual notation, with the unknowns raised to exponent, e.g.,

POUOBPOUOUOROGOER = ¢dga. (3.29)

When evaluating a tropical monomial in classical arithmetic we get a linear
function in the unknowns. For instance, the monomial in (3.29) represents

tatatatauteteagte = 2q0+3¢+2¢+ q.

Every linear function with integer coefficients arises in this manner. A tropical
polynomial is a finite tropical linear combination of tropical monomials:

P am) = aO¢' gy ©bOG G g D -
Here the coefficients a, b, ..., are real numbers and the exponents i1, ji, ...

are nonnegative integers. Every tropical polynomial represents a function g :
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R™ — R. When evaluating this function in classical arithmetic, what we get
is the minimum of a finite collection of linear functions, namely,

9(@, - qm) = min(a+iiq + -+ imGm, b+ 1@+ + Gl - -)
This function g : R™ — R has the following three characteristic properties:

e ¢ is continuous,
e ¢ is piecewise-linear, where the number of pieces is finite, and

e g is concave, i.e., g((¢+¢)/2)) > 3(g(q) + g(q)) for all ¢,¢' € R™.

Every function ¢ : R™ — R which satisfies these three properties can be rep-
resented as the minimum of a finite collection of linear functions. We conclude:

Proposition 3.33 The tropical polynomials in n unknowns qi, . . ., gm are the
piecewise-linear concave functions on R™ with non-negative integer coefficients.

Example 3.34 Let m = 1, so we are considering tropical polynomials in one
variable ¢. A general cubic polynomial has the form

g@) = a0 ®bod @ coqg® d where a,b,c,de R. (3.30)

To graph this function we draw four lines in the (¢, q’) plane: ¢ = 3q + a,
¢ =2q+b, ¢ =q+ c and the horizontal line ¢ = d. The value of g(q) is the
smallest g-value such that (g, ¢) is on of these four lines, i.e., the graph of g(q)
is the lower envelope of the lines. All four lines actually contribute if

b—a < c—b <d-c. (3.31)

These three values of ¢ are the breakpoints where g(q) fails to be linear, and
the cubic has a corresponding factorization into three linear factors:

9(¢) = a0 (¢® (b—-0a)O(¢® (c=b)O(¢& (d—c)). (3.32)

Generalizing this example, we can see that every tropical polynomial func-
tion in one unknown ¢ can be written as a tropical product of tropical linear
functions. This representation is essentially unique. In other words, the Fun-
damental Theorem of Algebra (Theorem 3.1) holds for tropical polynomials.

Example 3.35 The factorization of tropical polynomials in m > 2 unknowns
into irreducible tropical polynomials is not unique. Here is a simple example:
00 ®0) © 00ga&0) © (00g ©g & 0)
= 0000E®00a 800 (00aOE & 00qg & 0).
Do not be alarmed by the zeros. Zero is the multiplicatively neutral element!

This identity is equivalent to an identity in the polytope algebra (Section 2.3):
a regular hexagon factors either into two triangles or into three line segments.



Algebra 117

<

» X

Q.—_—_—_———-—_—_———_—_

|
(@)

Fig. 3.2. The graph of a tropical cubic polynomial and its roots

A tropical polynomial function ¢ : R™ — R is given as the minimum of a
finite set of linear functions. We define the tropical hypersurface T (g) to be
the set of all points ¢ € R™ at which this minimum is attained at least twice
at ¢. Equivalently, a point ¢ € R™ lies in the hypersurface 7 (g) if and only if
g is not linear at q. For example, if m = 1 and p is the cubic in (3.30) with the
assumption (3.31), then 7 (g) is the set of breakpoints, { b—a,c—b,d—c }

We next consider the case m = 2 of a tropical polynomial in two variables:

gae) = Peodod.
(4,4)

Proposition 3.36 The tropical curve T (g) is a finite graph which is embedded
in the plane R?. It has both bounded and unbounded edges, all edge directions
are rational, and T (g) satisfies the zero tension condition.

The zero tension condition means the following. Consider any node p of the
graph. Then the edges adjacent to p lie on lines with rational slopes. For each
such line emanating from the origin consider the first non-zero lattice vector
on that line. Zero tension at p means that the sum of these vectors is zero.

Here is a general method for drawing a tropical curve 7 (g) in the plane.
Consider any term v ® ¢! ® q% appearing in the polynomial p. We represent
this term by the point (v,i,7) in R?, and we compute the convex hull of these
points in R3. Now project the lower envelope of that convex hull into the
plane under the map R3? — R?, (v,4,7) — (i,4). The image is a planar convex
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Fig. 3.3. The subdivision of A and the tropical curve

polygon together with a distinguished subdivision A into smaller polygons.
The tropical curve 7 (g) is a graph which is dual to this subdivision.

Example 3.37 Consider the general quadratic polynomial

9q, ) = a0 ©bOap ® cO@ ©dog © eOgp @ f

Then A is a subdivision of the triangle with vertices (0,0), (0,2) and (2,0).
The lattice points (0, 1), (1,0), (1, 1) are allowed to be used as vertices in these
subdivisions. Assuming that a,b,c,d, e, f € R satisfy

2b<a+tc,2d<a+f,2e<cHf,

the subdivision A consists of four triangles, three interior edges and six bound-
ary edges. The tropical quadratic curve 7 (g) has four vertices, three bounded
edges and six half-rays (two northern, two eastern and two southwestern). In
Figure 3.4, 7 (g) is shown in bold and the subdivision of A is in thin lines.

It is known that tropical hypersurfaces 7 (g) intersect and interpolate like
algebraic hypersurfaces do. For instance, two lines in the plane meet in one
point, a line and a quadric meet in two points, two quadrics meet in four
points, etc.... Also, two general points lie on a unique line, five general points
lie on a unique quadric, etc... For a general discussion of Bézout’s Theorem in
tropical algebraic geometry, and for pictures illustrating these facts we refer to
[Sturmfels, 2002, §9] and [Richter-Gebert et al., 2003].

It is tempting to define tropical varieties as intersections of tropical hypersur-
faces. But this is not quite the right definition to retain the desired properties
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from classical algebraic geometry. What we do instead is to utilize the field
Q(e) of rational functions in one variable e. We think of e as a positive in-
finitesimal. Any non-zero rational function c(e) € Q(e) has a series expansion

c(€) = ape® +aqetane? +---  (where ig, iy, ... € Z, ag,aq,... € Q, a9 #0)

This series is unique. The order of the rational function c(€) is the integer .

Example 3.38 The following rational function in Q(¢) has order(c(e)) = —2:

© 3et + 8€® + ¢ — ¢!V 3,2, 8 1 50, 88,
cle = = € —€ —€ —€ S
1766 — 1169 + 2¢13 17 17 289 ' 289

Let Q(¢)[p1, - - -, pm] be the ring of polynomials in m unknowns with coeffi-
cients in Q(e). For any (classical) polynomial

s

f = Z Ci(e) . pllllipgm o 'p?nmi S Q(E) [plv c 'apm]v (333)
i=1

we define the tropicalization g = trop(f) to be the tropical polynomial
S
g = @ order(c;(€)) ® ¢i" ® g3 @ -+ © g, (3.34)
i=1

In this manner, every polynomial f defines a tropical hypersurface 7 (g) =
T (trop(f)) in R™. Recall that the function g : R™ — R is given as the
minimum of s linear functions. The hypersurface 7 (g) consists of all points
qg=(q1,--.,qm) € R™ where this minimum is attained at least twice, i.e.,

order(ci(€)) + a1iqi + - - - + amigm = order(c;j(€)) + aijqi + - - + Amjgm
S Order(ck(e))—l_alk(h ++akam for i #J and k € {1773}\{Z7]}

If, in addition to this condition, the leading coefficients aq of the series ¢;(e)
and c;(e) are rational numbers of opposite signs then we say that ¢ is a
positive point of T (g). The subset of all positive points in 7 (g) is denoted
7. (g) and called the positive tropical hypersurface of the polynomial f.

If the polynomial f in (3.33) does not depend on e at all, ie., if f €
Q[p1,---,pm], then order(c;(e)) = 0 for all coefficients of its tropicalization
g in (3.34), and the function g : R™ — R is given as the minimum of s linear
functions with zero constant terms. Here is an example where this is the case.

Example 3.39 Let m =9 and consider the determinant of a 3 x 3-matrix

f = Dp11p22p33 — P11P23P32 — P12P21P33 + P12P23P31 + P13P21P32 — P13P22D31-
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a) b)
33

11 22 33 11
22

23 31 12 23

32 13 21 32

11 22 33 11

13

32

Fig. 3.4. The tropical 3 x 3 determinant

Its tropicalization is the tropical determinant

g = Q11O q20q3 S 11 O@R3Og2 D q12© q1 ©gss
D 20301 © 301 ©Og2 D q13 O g2 ©g31-

Evaluating ¢ at a 3 x 3-matrix (g;;) means solving the assignment problem of
finding a permutation o of {1, 2, 3} whose weight ¢15, + g2, + ¢3¢, is minimal
(Remark 2.6). The tropical hypersurface 7 (g) consists of all matrices ¢ € R3*3
for which the minimum weight permutation is not unique. Working modulo the
five-dimensional space of all 3 x 3-matrices (g;;) with zero row sums and zero
column sums, the tropical hypersurface 7 (g) is a three-dimensional polyhedral
fan sitting in a four-dimensional space. If we intersect this fan with a 3-sphere
around the origin, then we get a two-dimensional polyhedral complex consisting
of six triangles and nine quadrangles. This complex consists of all 2-faces of the
product of two triangles, labeled as in Figure 3.4. This complex is a bouquet of
five 2-spheres. The positive tropical variety 7 (g) is the subcomplex consisting
of the nine quadrangles shown in Figure 3.4. Note that 7 (g) is a torus.

Every tropical algebraic variety is derived from an ideal I in the polyno-
mial ring Q(e€)[p1, ..., pm|. Namely, we define 7 (I) as the intersection of the
tropical hypersurfaces 7 (trop(f)) where f runs over the ideal I. Likewise,
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the positive tropical variety T, (I) is the intersection of the positive tropical
hypersurfaces 7 (trop( f )) where f runs over I. In these definitions it suffices
to let f run over a certain finite subset of the ideal I. Such a subset is called
a tropical basis of I. From this finiteness property, it follows that 7 (I) and
T, (I) are finite unions of convex polyhedra. This means they are characterized
by finite Boolean combinations of linear inequalities. Finding a tropical basis
from given generators of an ideal I and computing the polyhedra that make
up its tropical variety is an active topic of research in tropical geometry.

Example 3.40 We consider the tropicalization of DiaNA’s model in Example
1.16. The 3 x 3-minors of a 4 X 4-matrix of unknowns form a tropical basis for
the ideal they generate. This follows from results in [Develin et al., 2003]. The
tropical variety 7 (I) consists of all 4 x 4-matrices of tropical rank at most two.
The positive tropical variety 7 (I) consists of all 4 x 4-matrices of Barvinok
rank at most two. See [Develin and Sturmfels, 2004] for a topological study of
these spaces and their generalizations to larger matrices.

Let £ : C¢ — C™ be a polynomial map with coordinates fi,..., fin €
Q[O1,...,04]. We say that the map f is positive if each coefficient of each
polynomial f; is a positive real number. If this holds then f maps positive
vectors in R? to positive vectors in R™. We say that the map f is surjectively
positive if f is positive and, in addition, f maps the positive orthant surjectively
onto the positive points in the image, in symbols,

f(R,) = image(f) N RZ,. (3.35)

Example 3.41 Let d=1,m=2and f:R' — R? 0+ (0+2,20+1). The

map f is positive. But f is not surjectively positive: for instance, the point
(7/4,1/2) is in image(f) N R%, but not in £(RL).

On the other hand, if we take f' : R > R?, 6 — (36 + 3,6) then f’ is

surjectively positive. Both maps have the same image, namely, image(f) =
image(f’) is the line V(If) C R? which is specified by the ideal

Iy = Iy = (2p1—p2—3).
The tropical variety 7 (Ir) is the curve defined by the tropical linear form
trop(2p1 —p2—3) = @@ @a0.
This tropical line is the union of three half-rays:
T(Ir) = {(,0): 9 R0} U {(0,0): 9 R0} U {(—p,—): 9 € Rxo}.

Let g : R! — R? be the tropicalization of the linear map f : R! — R?, and
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let g’ be the tropicalization of f. These piecewise-linear maps are given by
g(w) = (trop(fl)(w), trop(fg)(w)) = (w D 07 w®d 0) = (min(wv 0)7 min(wv 0))

and g'(w) = (trop(f1)(w), trop(f3)(w)) = (w®0, w) = (min(w,0), w).

These map R! onto one or two of the three halfrays of the tropical line 7 (If):

image(g) = {(—¢,—¢):¢peRx},
image(g’) = {(0,9):p€Rx} U {(—p,—¢): 0 R0} = Ti(Ig).

The tropicalization g’ of the surjectively positive map f’ maps onto the positive
tropical variety. This is an example for the result in Theorem 3.42 below.

Returning to our general discussion, consider an arbitrary polynomial map
f: C4 — C™. The tropicalization of f is the piecewise-linear map

g RIS R™, o (91(9), 92(9), - s gm(9)), (3.36)

where g; = trop(f;) is the tropicalization of the ith coordinate polynomial f;
of f. To describe the geometry of the tropical polynomial map g, we consider
the Newton polytopes NP(f1), NP(f2),...,NP(f,,) of the coordinates of f.
Recall from Section 2.3 that the Newton polytope NP(f;) of the polynomial
fi is the convex hull of the vectors (ui,us,...,uq) such that 6716526
appears with non-zero coefficient in f;. The cones in the normal fan of the
Newton polytope NP(f;) are the domains of linearity of the piecewise-linear
map g; : R* — R™. The Newton polytope of the map f is defined as the
Newton polytope of the product of the coordinate polynomials:

NP(f) := NP(fi-fo- - fm) = NP(f1) ONP(f2) ©---ONP(f,). (3.37)

The operation ® on the right is the Minkowski sum of polytopes (Theorem
2.25). The following theorem describes the geometry of tropicalizing polyno-
mial maps.

Theorem 3.42 The tropical polynomial map g : R* — R™ s linear on each
cone in the normal fan of the Newton polytope NP(f). Its image lies inside
the tropical variety T (Ig). If £ is positive then image(g) lies in the positive
tropical variety Ty (Ig). If £ is surjectively positive then image(g) = 74 (I¢).

Proof See [Pachter and Sturmfels, 2004c| and [Speyer and Williams, 2004].
]

This theorem is fundamental for the study of inference functions of statis-
tical models in Chapter 9. Imagine that w € R? is a vector of weights for a
dynamic programming problem which is derived from a statistical model. The
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relationship between the weights and the model parameters is w; ~ log(6;).
Evaluating the tropical map g at w means solving the dynamic programs for
all possible observations. As we vary the weights w, the vector of outcomes is
piecewise constant. Whenever w crosses a boundary, the system undergoes a
“phase transition”, meaning that the outcome changes for some observation.
Theorem 3.42 offers a geometric characterization of these phase transitions,
taking into account all possible weights and all possible observations.

If the model has only one parameter, then the Newton polytope NP(f) is a
line segment. There are only two “phases”, corresponding to the two vertices
of that segment. In Example 3.41 the “phase transition” occurs at w = 0.

One important application of this circle of ideas is sequence alignment (Sec-
tion 2.2). The statistical model for alignment is the pair HMM f in (2.15).
The tropicalization g of the polynomial map f is the tropicalized pair HMM,
whose coordinates g; are featured in (2.16). Parametric alignment is discussed
in Chapters 5, 7, 8 and 9. We conclude this section with two other examples.

Example 3.43 DiaNA’s model in Example 3.40 has d = 16 parameters

0 = (B4 B B Br, Bas Be: Bes By Yhs Ve Vo YTy Vs Ve Ve V1)

and it is specified by the homogeneous polynomial map f : C'¢ — C*** with
= B2 4 Al here i, j € {A,C,G, T}
Dij i j+71737 where 1, j 3 My M :

We know from the linear algebra literature [Cohen and Rothblum, 1993] that
every positive 4 x 4-matrix of rank < 2 is the sum of two positive 4 x 4-matrices
of rank < 1. This means that DiaNA’s model f is a surjectively positive map.
The tropicalization of f is the piecewise-linear map g : R'6 — R**4 given by

G = B OB © 4 0 = min(8] + 55,4 +77) for i,je{ACGT}

Theorem 3.42 says that the image of g equals the positive tropical variety
T, (Ig). The space T (Ig) consists of all 4 x 4-matrices of Barvinok rank < 2
and was studied in [Develin et al., 2003] and [Develin and Sturmfels, 2004].
The Newton polytope NP(f) of the map f is a zonotope, i.e., it is a Minkowski
sum of line segments. The map g is piecewise linear with respect to the hyper-
plane arrangement dual to that zonotope. For a detailed combinatorial study
of the map g and the associated hyperplane arrangement see [Ardila, 2004].

Example 3.44 We consider the hidden Markov model of length n = 3 with
binary states (I =’ = 2) but, in contrast to Example 3.19, we suppose that all
eight parameters 6o, 6o1, 010, 011, 0, 01, 010, 011 are independent unknowns.



124 L. Pachter and B. Sturmfels

Thus our model is the homogeneous map f : C® — C® with coordinates

_ / / / / / / / / /

Joros0s = 000000005, 000, 0005 + 000001005, 005,015, + 001010005, 016, 000,
/ / / / / / / / /

100101105, 015,01 0, + 010000014, 000,000, + 010001015, 005, 015,

/ / / / / /
+ 011010615, 010,005, + 01101101, 015,01,

The implicitization techniques of Section 3.2 reveal that I¢ is generated by

pgnp%oo - pgmp%m + poooponp%m - pooop%mpno + poooponp%m
—p001p31op111 + p301p100p111 + p31op100p111 - pomp%ooplll - pooopgnpno
—P001P011P100P101 — P010P011P100P101 + P001P010P011P110 — P010P011P100P110
+P001P010P101P110 + P001P100P101P110 + P000P010P011P111 — P000P011P100P111
—P000P001P101P111 + P000P100P101P111 + P000P001P110P111 — P000P010P110P111-

Thus 7 (If) is the tropical hypersurface defined by this degree four polynomial.
The tropicalized HMM is the map g : R® — R®, (w,w’) — ¢ with coordinates

doy0303 — min { Why hy TWhyhy +w;Llo'1 +w;LQO'2 +w;LgO’3 : (hlv ha, h3) € {07 1}3 }

This minimum is attained by the most likely explanation (ill, }Alg, ilg) of the
observation (01,09, 03). Inference means evaluating the tropical polynomials
Jo, 0005+ For instance, for the parameters w = (g ‘;’) and w' = (g g) we find:

The observation oi10903 = 000 001 010 011 100 101 110 111
has the explanation  hi1hohg = 000 001 000 011 000 111 110 111

We call {0,1}3 — {0,113, 010903 — hihghs the inference function for the
parameters (w,w’). There are 8 = 16, 777, 216 functions from {0, 1}? to itself,
but only 398 of them are inference functions. In Chapter 9 it is shown that the
number of inference functions is polynomial in the sequence length n, while
the number of functions from {0, 1}" to itself is doubly-exponential in n.

The inference functions are indexed by the vertices of the Newton polytope
NP(f). In our example, polymake reveals that NP(f) is 5-dimensional and has
398 vertices, 1136 edges, 1150 two-faces, 478 ridges and 68 facets. Thus there
are 398 inference functions, and we understand their phase transitions.

However, there are still many questions we do not yet know how to answer,
even for small n. What is the most practical method for listing all maximal
cones in the image of g7 How does the number of these cones compare to
the number of vertices of NP(f)? Is the hidden Markov model f surjectively
positive? Which points of the positive tropical variety 7 (If) lie in image(g)?
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3.5 The tree of life and other tropical varieties

At the 1998 International Congress of Mathematicians in Ziirich, Andreas
Dress presented an invited lecture titled “The tree of life and other affine build-
ings” [Dress and Terhalle, 1998]. Our section title is meant as a reference to
that paper, which highlighted the importance and utility of understanding the
geometry and structure of phylogenetic trees and networks. In Chapter 4, we
return to this topic by explaining how the space of trees and its generalizations
is relevant for modeling and reconstructing the tree of life.

Here we begin with a reminder of the definition of metrics and tree metrics,
which were introduced in Section 2.4. A metric on [n] = {1,2,...,n} is a
dissimilarity map for which the triangle inequality holds. Of course, most
metrics D are not tree metrics. The set of tree metrics is the space of trees 7,,.
This is a (2n — 3)-dimensional polyhedral fan inside (%)-dimensional cone of
all metrics. Membership in 7,, is characterized by the Four Point Condition.
Our goal here is to derive an interpretation of 7,, in tropical geometry.

Let @ = (g¢;j) be a symmetric matrix with zeros on the diagonal whose
(Z) distinct off-diagonal entries are unknowns. For each quadruple {3, j, k, [}
c {1,2,...,n} we consider the quadratic tropical polynomial

Giik(Q) = GO P G Oqg D GO gk (3.38)

This tropical polynomial is the tropicalization of the Pliicker relation (3.14)
9iiki(Q) = trop(pikpji — PijPki — Pibjk)

which defines a tropical hypersurface 7(g;jr) in the space RG). n fact,
the Pliicker relations (3.14) form a tropical basis for the Pliicker ideal Is,,
[Speyer and Sturmfels, 2004]. This implies that the tropical Grassmannian
7T (I,,) equals the intersection of these (Z) tropical hypersurfaces, i.e.,

T(L,) = N T < RE. (3.39)

1<i<g<k<i<n

Theorem 3.45 The space of trees T, is (up to sign) the tropical Grassman-
nian T (Iay).

Proof A metric D = (d;j) is a point in the space of trees 7,, if and only if
the four point condition holds. This condition states that, for all 1 <i < j <
k <1< n, the mazimum of {d;j + dpi, dir, + dji, dyg + dji} is attained at least
twice. If @ = (¢ij) = —D = (—d;;) then this is equivalent to saying that the
manimum of {qi; + qu, i + @i, G + qjx } is attained at least twice. This is
precisely the condition for @) to be in the tropical hypersurface 7 (gijr). O
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Example 3.46 The space of trees on five taxa [5] = {1,2,3,4,5} is (up to
sign) a tropical variety of codimension three in R, It is not the intersection
of three tropical hypersurfaces, but it is the intersection of five hypersurfaces:

T(Ls) = T35 = T(q20q14 © 30 ¢4 © q4a © qo3)
N T(@20a@s © 30 @5 © q5© ¢o3)
N T(@2O0qus © quOgs © qs5O qoa)
N T@3O0us © uO@s © q50 g3
N T(@3O0@us © ©4O@Es © 50 q3a).

The space of trees 75 is the union of 15 seven-dimensional cones in Rlzoo. Each
cone is the solution set to a system of linear inequalities such as

Q12+ 434 = qi3+qa = qua+ 23,
Q12 +4q35 = q3+qs = Q5+ @23,
q12 + Qa5 2 qua+qes = qi5 + qoa,
Q3+ q15 = qua+qss = Q5+ 34,
and g3+ qus > quutGg3s = Q25+ @3-

The seven-dimensional cone specified by this linear system is isomorphic to
RZ,, and corresponds to the tree with splits (12,345) and (123, 45).

‘The combinatorial structure of the space 7 is that of the Petersen graph,
shown in Figure 3.5. Vertices of the Petersen graph correspond to trees with
polytomy, i.e trees with internal vertices of degree at least 4. The edges corre-
spond to the seven-dimensional cones in 75. T'wo cones share a six-dimensional
facet if and only if the two edges share a node in the Petersen graph.

The interpretation of the space of trees as a tropical Grassmannian opens
up the possibility of modeling a wide range of problems in phylogenetics us-
ing tropical geometry. We shall demonstrate this by tropicalizing the higher
Grassmannian Ggqp, = V(Ilq,) and the Pfaffian varieties V(I3 %) which we
encountered towards the end of Section 3.2. We begin with a discussion of
tropical linear spaces. These are relevant for evolutionary biology because:

e Trees are tropical lines.
e Higher-dimensional trees are tropical linear spaces.

The second statement will be made precise in Theorem 3.47.
A tropical hyperplane in R™ is any subset of R™ which has the form 7 (¢),
where £ is a tropical linear form in n unknowns ¢;:

lg) = a10q @@ 0@ ® -+ @ ap O qn.

Here aq, . ..a, are arbitrary constants in RU{oco}. Solving linear equations
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Fig. 3.5. A tropical Grassmannian of lines: the space of trees 75.

in tropical mathematics means computing the intersection of finitely many
hyperplanes H(¢). It is tempting to define tropical linear spaces simply as
intersections of tropical hyperplanes. However, this would not be a good def-
inition because such arbitrary intersections are not always pure dimensional,
and they do not behave the way linear spaces do in classical geometry. A better
notion of tropical linear space is derived by allowing only those intersections of
hyperplanes which are “sufficiently complete”. In what follows we offer a def-
inition which generalizes the geometric relationship between tree metrics and
the Grassmannian G, which underlies Theorem 3.45. The idea is that phy-
logenetic trees are lines in tropical projective space, and the negated pairwise
distances d;; are the Pliicker coordinates ¢;; of these tropical lines.

We consider the (Z)-dimensional space R(g) whose coordinates ¢;,...;, are
indexed by d-element subsets {i1,...,iq} of {1,2,...,n}. Let S be any (d—2)-
element subset of {1,2,...,n} and let 4, j, k and [ be any four distinct indices
in {1,...,n}\S. The corresponding three-term Grassmann Plicker relation
gs,ijkl is the following tropical polynomial of degree two:

9S4kl = qSij ©qsk P qsik O qsji P qsit © qsjk- (3.40)
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We define the space of d-trees to be the intersection of these hypersurfaces,

Tin = ﬂ T(9sijk1) C R(3), (3.41)
Skl

where the intersection is over all S, i, 7, k, [ as above. If d = 2 then S = (), the
polynomial (3.40) is the four point condition (3.38), and 73, is the space of
trees 7, = T (I2,,). For d > 3, the tropical Grassmannian 7 (I4,,) is contained
in the space of d-trees 7;,, and this containment is proper for n > d + 4.
However, 74, is a good combinatorial approximation for 7 (Ig,).

The points Q = (¢i,..i,) in Tgn C R(2) are called d-trees. Fix a d-tree Q.
For any (d+1)-subset {jo, j1, - .-, ja} of {1,2,...,n} we consider the hyperplane

specified by the following tropical linear form in the unknowns x1, ..., z,:
d
EjQ()jl"'jd - @ Lo -jy-+-ja © . (3.42)
r=0
The tropical linear space associated with the d-tree @) is the intersection
Lo = (\T(},.;) C R (3.43)

Here the intersection is over all (d + 1)-subsets {jo, j1,.-.,ja} of {1,2,...,n}.
The “sufficient completeness” referred to above means that we need to solve
linear equations using Cramer’s rule, in all possible ways, in order for the
intersection of hyperplanes to be a linear space. The definition of linear space
given here is more inclusive than the notion one would get by tropicalizing
linear spaces over the field Q(¢). The latter are the tropical linear spaces Lg
where ) is any point in the subset 7 (I,) of T'Gg,. [Speyer, 2004] proved
that all tropical linear spaces Lg are pure-dimensional polyhedral fans.

Theorem 3.47 (Speyer’s Theorem) Let QQ € 7, be a d-tree. Then every
mazximal cone of the tropical linear space Lg is d-dimensional.

Tropical linear spaces have many of the properties of ordinary linear spaces.
First, they have the correct dimension d. Second, every tropical linear space
Lg determines its vector of tropical Pliicker coordinates ¢ uniquely up to
tropical multiplication (= classical addition) by a common scalar. If L and
L’ are tropical linear spaces of dimensions d and d’ with d +d’ > n, then L
and L' meet. It is not quite true that two tropical linear spaces intersect in a
tropical linear space but it is almost true. If L and L’ are tropical linear spaces
of dimensions d and d’ with d+d’ > n and v € R™ is generic then LN (L' + v)
is a tropical linear space of dimension d + d’ — n. One then defines the stable
intersection of L and L' by taking the limit of L N (L' 4+ v) as v goes to zero.

Not every d-dimensional tropical linear space in R" is the intersection of
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n — d tropical hyperplanes. It is an open problem to determine the minimum
number of tropical hyperplanes needed to cut out any tropical linear space of

dimension d in R™. From (3.43) we see that ( df_l) hyperplanes suffice.

Theorem 3.47 is relevant for phylogenetics because tropical linear spaces can
be regarded as “higher-dimensional phylogenetic trees”. Indeed, suppose we
have n taxa and we are given a dissimilarity measurement —g;,;,...;., for any d-
tuple {i1, iz, ..., iq} of taxain [n]. These (/}) real numbers form a d-dimensional
dissimilarity matrix Q = (Giyiy-i,) € R(3). Such a dissimilarity matrix @ is
the input for the Generalized Neighbor Joining Algorithm in Section 2.4

The tropical linear space Lg is a geometric model which plays the role of
the tree for the data ). Indeed, passing from R™ to the (n — 1)-dimensional
tropical projective space R"/R(1,1,...,1), the tropical linear space Lg is a
contractible polyhedral complex of pure dimension d — 1. In the classical
case d = 2, the linear space L¢ is a pure-dimensional contractible polyhedral
complex of dimension 1, namely, it is precisely the tree with tree metric —Q).

Example 3.48 Fix d = 3 and n = 6. The dissimilarity of any triple {4, j, k}
of taxa in [6] = {1,2,3,4,5,6} is denoted by d;;r, and we set gijr = —djjp. A
point Q = (g;jx) € R?® is a 3-tree if and only if the map (i, j) — d;jj is a tree
metric on [6]\{k} for all £ € [6]. Suppose this holds. Then the intersection
of the (2) = 15 tropical hyperplanes 7 (E% 2 j3), is a 3-dimensional tropical
linear subspace Ly C R®. Each of the 15 defining linear forms has four terms:

Ej()jljzj:; = QGojije O Tjzs D Qojrgs © Tjo D Qgjajs © Tjy D Gjygags © Ty

If we work in tropical projective 5-space, i.e. modulo the equivalence relation
($17$27$37$47$57$6) = AQ ($17$27$37$47$57$6)7

then Lg is a union of planar polygons. We call Lg a phylogenetic surface.

A phylogenetic surface is a two-dimensional geometric representation of the
dissimilarities among triples of taxa, just like a phylogenetic tree is a two-
dimensional geometric representation of the dissimilarities among pairs of taxa.
Embedded in the unbounded part of the phylogenetic surface Lg, we find the
six phylogenetic trees representing the tree metrics (4, j) — dyjr for fixed k.

There are 1035 combinatorial types of phylogenetic surfaces on six taxa
[Speyer and Sturmfels, 2004]. They correspond to the maximal cones of the
tropical Grassmannian 7 (I3s) = 736, just like the 15 binary trees on five
taxa correspond to the edges of the Petersen graph 735. If we replace R?°
by its quotient modulo the subspace of dissimilarity maps of the particular
form d;ji, = w;+wj +wg, then T34 is a three-dimensional simplicial complex
consisting of 65 vertices, 550 edges, 1395 triangles and 1035 tetrahedra. For the
topologically inclined, we note that the space 73 of phylogenetic surfaces (i.e.,
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the space of 3-trees on 6 taxa) is a bouquet of 126 three-dimensional spheres,
just like the Petersen graph is a bouquet of 6 one-dimensional spheres.

We next discuss the tropical variety of the Pfaffian ideal I ,,  and we offer a
phylogenetic interpretation which generalizes the space of tree 7,, (the special
case k = 2). Suppose that DW . D) are n x n-matrices which represent
metrics. We define a new metric, denoted DM v ... v D and called the
mizture of the given metrics, by taking the maximum distance for each pair:

(DD v ...y D(T))ij = maX(D(I)

(")
W D).

Equivalently, using tropical matrix addition, the mixture of the r metrics is
DM vy...v D) .= _((_D(l)) @S- (_D(T))) (3.44)

The term “mixture” conveys the idea that each metric D) corresponds to
a random variable X ) on the pairs of taxa with probability distribution

Prob(X®) = {i, j}) ~ eXp(—TDZ(;)).

Consider a mixture of these r random variables where 7 > 0 and the mixing
probabilities p1, .. ., p, are positive. Then the mixed distribution satisfies

Prob(X®) = {i,j}) ~ Y p,-exp(—7D)) ~ exp(—r(DV @& D0)y),
v=1

Thus defining the mixture of metrics as their sum in maz-plus-algebra is a
natural thing to do in the context of tropical geometry of statistical models.

We say that a metric D has tree rank < r if there exist tree metrics D(l),
..., D" such that D = DM v ...v D) Let 7 denote the subset of R(2)
consisting of all metrics of tree rank < r. This is a polyhedral fan, generalizing
the space of trees (the case r =1 = k—1). We propose the following problem:
characterize membership in 7, and study the structure of this space.

This problem may be relevant for the following issue in comparative ge-
nomics. If we are given an alignment of genomes then different regions (e.g. dif-
ferent genes) may give rise to different trees. It is desirable to create some
consensus among the conflicting tree metrics. The resulting consensus object
may no longer be tree-like, for instance, if we apply the refined techniques of
Chapter 17. Mixtures of tree metrics may be useful models for such situations.

Fix a metric D and consider an even subset {iy,...,i9,} of {1,2,...,n}.
This subset defines a complete graph Ky, with edge weights d; ;, . A matching
is a l-regular subgraph of Ks,,. The weight of a matching is the sum of the
weights of its m edges. We are interested in the condition on D that each
complete subgroup K, has more than one matching of maximum weight.
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Proposition 3.49 If a metric D has tree rank < r then for every subset of
2r + 2 tazxa, the marimum matching among these taza is not unique.

For r = 1 this is precisely the Four-Point Condition. In view of (3.16), we
can rephrase Proposition 3.49 by tropicalizing the Pfaffians of order 2r + 2.
For instance, for r = 2, tropicalizing (3.17) yields the tropical 6 x 6-Pfaffian

714 © g25 ©q36 D q15 © 24 © @36 D q14 © q26 © ¢35 D q15 © G26 © G34
D6 ©quOags D g6 ©gs O3 D q13© G226 O g5 D q12 © 36 © a5
Do ©q3Oqs © 130 g5 Oq6 D q12© g5 O qe D q15 © q23 © Qa6
D30 @PsOge D q120G4 O g6 D q14 © 23 © gs6-

Evaluating this tropical polynomial means finding the minimum weight match-
ing in the complete graph Kg. We see that Proposition 3.49 is equivalent to

Proposition 3.50 If a metric D has tree rank < r then —D lies in the inter-
section of the tropical hypersurfaces defined by the subpfaffians of order 2r + 2.

Proof Theorem 3.45 implies that, for each i € {1,2,...,7r}, there exists a
skew-symmetric n x n-matrix P®%) over the field Q(¢) such that P has rank
2 and order(P%) = —D®). These matrices can be chosen so that there is no
cancellation of leading terms when forming the sum P := P 4 ... 4 pP(r),
Then order(P) = —D and rank(P) < 2r. Every Pfaffian of order 2r + 2
vanishes for P. Hence —D lies on these tropical Pfaffian hypersurfaces. O

This proof shows how algebraic geometry in conjunction with tropicalization
can suggest combinatorial constructions which may be useful for phylogenetics.
We are not claiming that algebraic geometry is needed for the proof; indeed,
it is easy to prove Proposition 3.49 without algebra. That is not the point.

Unfortunately, our necessary condition for membership in 7, is not suffi-
cient. The following counterexample for n = 6,7 = 2 is due to David Bryant.

Example 3.51 Consider the path metric of Kg with a cycle removed:

N = = = N O
— o= =N O N
== NN O N
=N O N =
N O N~ =
SN == =N

The maximum matching is attained twice, that is, —D lies in the tropical
hypersurface of the 6 x 6-Pfaffian. By examining all possible cases, one sees
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that D cannot be written as the mixture DM v D) of two tree metrics. The
tree rank of D is 3. Thus the converse to Proposition 3.50 does not hold.

At this point, it is natural to make the following conjecture: If every restric-
tion of a matrix D to six points is the mixture of two trees then D is a mixture
of two trees. Or, more generally: If every restriction of D to 2r + 2 points is a
mixture of r trees then D is a mixture of r trees.
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The purpose of this chapter is to describe genome sequence data and to explain
the relevance of the statistics and algebra we have discussed in Chapters 1-3
to understanding the function of genomes and their evolution. It sets the stage
for the studies in biological sequence analysis in some of the later chapters.

Given that mathematics and statistics play an increasingly important role
in many different aspects of biology, the question arises: why the emphasis on
genome sequences? The most significant answer is that genomes are fundamen-
tal objects which carry instructions for the self-assembly of living organisms.
Ultimately, our understanding of human biology will be based on an under-
standing of the organization and function of our genome. Also relevant to the
study of genomes, is the fact that there are large quantities of high fidelity
data. Current finished genome sequences have less than one error in 10,000
bases. Statistical methods can therefore be directly applied to modeling the
random evolution of genomes and to making inferences about the structure and
organization of functional elements; there is no need to worry about extract-
ing signal from noisy data. Furthermore, it is frequently possible to validate
findings with laboratory experiments.

The rate of accumulation of genome sequence data has been extraordinary,
far outpacing Moore’s law for the density of transistors on circuit chips. This
is due to breakthroughs in sequencing technologies and radical advances in
automation. Thus, since the first completion of the genome of a free living or-
ganism in 1995 (Haemophilus Influenza [Fleischmann et al., 1995]), there are
now over 200 completely sequenced microbial genomes, and numerous com-
plete invertebrate and vertebrate genomes. The highlight of the sequencing
projects, from our Homo sapiens perspective, has been the completion of se-
quencing of the human genome which was formally announced at the end of
2004 [Human Genome Sequencing Consortium, 2004]. Our discussion of on-
line resources in Section 4.2 explains how one reads the human genome.

133
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4.1 Genomes

Every living organism has a genome, made up of deoxyribonucleic acids (DNA)
arranged in a double helix [Watson and Crick, 1953], which encodes (in a way
to be made precise) the fundamental ingredients of life. Organisms are di-
vided into two major classes: eukaryotes (organisms whose cells contain a
nucleus) and prokaryotes (for example bacteria and archaea). In this book
we focus on genomes of eukaryotes, and, in particular, on genomes of verte-
brates (see Chapters 21 and 22). The primary example is the human genome
[Human Genome Sequencing Consortium, 2004, Venter et al., 2001]. This al-
lows for the description of ongoing genome projects at the forefront of current
research interests, while limiting the scope so that some detail can be provided
on how to obtain and utilize the data.

Fukaryotic genomes are divided into chromosomes. Each cell has two copies
of each chromosome. There are 23 pairs of chromosomes: 22 autosomes (two
copies each in both men and women) and two sex chromosomes, which are de-
noted X and Y. Women have two X chromosomes, while men have one X and
one Y chromosome. Parents pass on a mosaic of their pairs of chromosomes
to their children. Theoretical aspects of genetic inheritance are studied in the
well-established field of statistical genetics. A connection between genetics and
algebraic statistics was recently explored in [Hallgrimsdottir and Sturmfels, 2004].

The sequence of DNA molecules in a genome is typically represented as a
sequence of letters, partitioned into chromosomes, from the four letter alphabet
¥ = {A,C,G,T}. These letters correspond to the bases in the double helix,
that is, the nucleotides Adenine, Cytosine, Guanine and Thymine. The four
nucleotides fall into two pairs: purines (A and G) and pyrimidines (C and T).
This grouping comes about because of the chemistry of the nucleotides: the
purines have two rings in their structure while pyrimidines have only one. In
addition to this grouping, every DNA base in the double helix is paired with a
complementary base on the opposite helix. A is paired with T, and C with G, with
hydrogen bonding serving as the main force holding the two separate chains
together. Figure 4.1 illustrates these structural features of the nucleotides.

Remark 4.1 There is a natural action by the group Zs X Zs on the alphabet
¥ = {A,C,G, T}. This action arises by the grouping into purines and pyrim-
idines, and from the complementarity of the bases. Keeping in mind that
finite abelian groups are (non-canonically) isomorphic to their dual groups,
this leads to an identification of the nucleotides in ¥ = {A C,G, T} with the
group elements in Zso X Zsy. This structure is the rationale behind group based
evolutionary models, which we discuss in Section 4.4 and Chapters 15-17.

One of the consequences of DNA complementarity is Chargaff’s rule, which
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Fig. 4.1. The four DNA bases.

states that every DNA sample must contain the same number of A’s as T’s,
and the same number of G’s as C’s [Chargaff, 1950]. Thus, in order to describe
a genome, it suffices to list the bases in only one strand of the double helix.
However, it is important to note that the two strands have a directionality.
The two directions are indicated by the numbers 5 and 3’ on the ends. These
numbers correspond to carbon atoms in the helix backbone. The convention
is to write a single strand of DNA bases in the 5 — 3’ direction.

Example 4.2 The DNA sequence GATATAGAGCGGATTACAG of length 20 is
shorthand for the double stranded sequence consisting of twenty base pairs

5’ GATATCAGAGCGGATTACAG 3’
3’ CTATAGTCTCGCCTAATGTC 5°

which in turn is shorthand for the bases along the DNA double helix.

The human genome consists of approximately 2.8 billion base pairs, and
has been obtained using high throughput sequencing technologies which allow
for reading short fragments only hundreds of bases long. Sequence assembly
algorithms are then necessary for piecing together the fragments [Myers, 1999].

Despite the tendency to abstract genomes as strings over the alphabet X2,
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T C A G
TTT +— Phe TCT +— Ser TAT — Tyr TGT — Cys
TTC — Phe TCC +— Ser TAC — Tyr TGC — Cys
TTA — Leu TCA — Ser TAA — stop TGA +— stop
TTG +— Leu TCG — Ser TAG +— stop TGG +— Trp
CTT — Leu CCT — Pro CAT — His CGT — Arg
CTC — Leu CCC — Pro CAC — His CGC — Arg
CTA — Leu CCA — Pro CAA — Gln CGA — Arg
CTG — Leu CCG — Pro CAG — Gln CGG — Arg
ATT — lle ACT — Thr AAT — Asn AGT — Ser
ATC +— 1le ACC — Thr AAC — Asn AGC — Ser
ATA — Tle ACA — Thr AAA — Lys AGA — Arg
ATG — Met ACG +— Thr AAG — Lys AGG — Arg
GTT — Val GCT — Ala GAT — Asp GGT — Gly
GTC — Val GCC — Ala GAC — Asp GGC — Gly
GTA — Val GCA — Ala GAA — Glu GGA — Gly
GTG — Val GCG — Ala GAG — Glu GGG — Gly

Table 4.1. The genetic code.

one must not forget that they are highly structured. For example, certain
subsequences within a genome correspond to genes. These subsequences play
the important role of encoding proteins. Proteins are polymers made of twenty
different types of amino acids, which are described by triplets in genes known
as codons. Thus there are 64 codons: AAA AAC, AAG,...,GTT, TTT. Each triplet
codes for one amino acid, so that a DNA subsequence of length 3%k codes for a
protein with & amino acids.

The code relating DNA triplets to amino acids is known as the genetic code.
Table 4.1 displays the genetic code, which maps the 64 possible codons to the
twenty amino acids they code for. Each amino acid is represented by a three
letter identifier (“Phe” = Phenylalanine, “Leu” = Leucin, ...). The code is
literally translated by machinery (itself partially made of protein) that builds
a protein from the linear DNA sequence of a gene. The three codons TAA, TAG
and TGA are special: instead of coding for an amino acid, they are used to
signal that translation should end.

Example 4.3 (Codon usage, GC content and genome signatures) Codon
usage refers to the relative abundances of the different codons in a genome.
Although the genetic code is universal (with a few exceptions), codon usage
varies widely between genomes, and can in fact be used to distinguish genomes
from each other [Campbell et al., 1999, Gentles and Karlin, 2001]. Part of the
difference in codon usage stems from different G+C content in genomes. G and C
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nucleotides are known to be involved in a number of genome regulation mech-
anisms. For example, CpG sites are locations in DNA sequences where a C is
adjacent and upstream of a G. DNA methyltransferase recognizes CpG sites and
converts the cytosine into 5-methylcytosine. Spontaneous deamination causes
the 5-methylcytosine to be converted into thymine, and the mutation is not
fixed by DNA repair mechanisms. This results in a gradual erosion of CpG
sites in the genome. CpG islands are regions of DNA with many unmethylated
CpG sites. Spontaneous deamination of cytosine to thymine in these sites is
repaired, resulting in a restored CpG site. Such sites are associated with pro-
moter regions of genes. CpG islands alone, however, do not explain the vast
differences in G+C content seen between genomes.

A simple model for genome signatures that distinguish organisms is a din-
ucleotide model [Campbell et al., 1999]. Specifically, the data consists of 16
numbers w;;, 1,5 € {A,C,G, T}, where u;; counts the number of times that
the pair of nucleotides ij appear consecutively in that order in a genome. The
independence model for dinucleotides is ...

In order to make protein, DNA is first copied into a similar molecule called
RNA (this process is called transcription). It is the RNA that is translated into
protein. The link between DNA, RNA and protein is the basis of molecular
biology, and is sometimes referred to as the central dogma.

When protein is created from DNA, the gene that has been translated is
said to have been expressed. Proteins can be structural elements, or perform
complex tasks (such as regulation of expression) by interacting with the many
molecules and complexes in cells. Thus, the genome is a blueprint for life. A
major goal in biology, to be discussed in Section 4.3, is a complete understand-
ing of the genes, the function of their proteins, and their expression patterns.

The human genome contains approximately 25,000 genes, although the exact
number has still not been determined [Human Genome Sequencing Consortium, 2004].
While there are experimental methods for discovering and validating genes,
there is still no high throughput technology for accurately identifying all the
genes in a genome. The computational problem of identifying genes, the gene
finding problem, is an active area of research [Dewey et al., 2004, Korf et al., 2001].
One of the main difficulties lies in the fact that only a small portion of the
genome is genic; in fact, less than 5% of the genome is known to be functional.
In Section 4.4 we discuss this problem, and the role of statistical models in
formulating sound methods for distinguishing genes from non-genic sequence.
The models of choice are the hidden Markov models whose mathematical char-
acterization was discussed in Section 1.4. Hidden Markov models allow for the
integration of diverse biological information (such as the genetic code and the
structure of genes) and are suitable for designing efficient algorithms. In spite
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of much progress, the current understanding of genes is not sufficient to allow
for the ab-initio identification of all the genes in a genome [Guigé et al., 2004].

A key idea in biology has been that the comparison of multiple genome
sequences can assist in identifying genes and other functional elements. The
underlying premise of the comparative genomics approach is that although
DNA sequences change over time, functional elements such as genes will tend
to be conserved due to their critical role in coding for proteins or other impor-
tant elements. The comparative genomics approach therefore seeks to utilize
Darwin’s principle of natural selection to sift through genome sequences for
functional elements. The principle has been applied to collections of similar
genomes [Boffelli et al., 2003, Boffelli et al., 2004b], as well as more diverged
sequences [Gibbs et al., 2004, Hillier et al., 2004].

The different types of comparisons require an understanding of the underly-
ing biology. For example, differences between the genomes of individuals in a
population are small and are primarily due to recombination events (the pro-
cess by which two copies of parental chromosomes are merged in the offspring).
On the other hand, the genomes of different species (classes of organisms that
can produce offspring together) tend to be much more diverse. Genome dif-
ferences between species are a result of numerous transformations of genome
sequences:

e (Genome rearrangement — comparing chromosomes of related species reveals
large segments that have been reversed and flipped (inversions), segments
that have been moved (transpositions), fusions of chromosomes, and other
large scale events. Methods of combinatorial mathematics have led to signifi-
cant progress in this field [Hannenhalli and Pevzner, 1999, Tesler, 2002], but
the underlying biological mechanisms are still poorly understood [Sankoff and Nadeau, 2003].

e Duplications and loss —some genomes have undergone whole genome duplica-
tions. This process was recently demonstrated for yeast [Kellis et al., 2004].
Individual chromosomes or genes may also be duplicated. Duplication events
are often accompanied by gene loss, as redundant genes slowly lose or adapt
their function over time [Eichler and Sankoff, 2003].

e Parasitic expansion — large sections of genomes are repetitive, consisting of
elements which can duplicate and re-integrate into a genome [Brown, 2002].

e Point mutation, insertion and deletion — DNA sequences mutate, and in
non-functional regions these mutations accumulate over time. Such regions
are also likely to exhibit deletions; for example, strand slippage during repli-
cation can lead to an incorrect copy number for repeated bases.

Biological questions about how these mechanisms operate lead directly to
mathematical problems.
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Example 4.4 (Sorting by reversals) Comparison of the human, mouse
and rat X chromosomes reveals large blocks within which the order and orien-
tation of genes is conserved. For example, the human genome can be divided
into 16 blocks labeled consecutively 1,...,16 which appear in different orders
and orientations in the mouse and rat genomes, but within which order and
orientation is preserved (not counting rearrangements less than 300kb in size).
The changes in the mouse and rat can be recorded by signed permutations.
From [Bourque et al., 2004] we have:

Human 1 2 3456 7 8 9 10 11 12 13 14 15 16
Mouse -5 -6 4 13 14 -15 16 1 -3 9 -10 11 12 -7 8 -2
Rat -13 -4 5 -6 -12 -8 -7 2 1 -3 9 10 11 14 -15 16

Inversions correspond to reversals of the signed permutations. These consist
of selecting a subsequence of a signed permutation and reversing the order of
the numbers and their sign. For example, a reversal in the mouse could be

Mouse -5 -6 4 13 14 -15 16 1 -3 9 -10 11 12 -7 8 -2

-5 -6 4 13 14 -156 3 -1 -16 9 -10 11 12 -7 8 -2

An important genomics problem is to estimate the order of genes in the an-
cestral chromosome, so that the number of rearrangements that have occurred
over time can be counted. In [Tesler, 2002] it is shown that the distance be-
tween two multichromosomal genomes, defined as the minimum number of re-
versals, translocations, fissions and fusions required to transform one genome
to the other, can be computed in polynomial time. Genome rearrangements
are important to study because they shed light on genome evolution, and also
because many diseases are known to be associated with genome rearrangement
(e.g. [Raphael and Pevzner, 2004]).

The problem of untangling the evolutionary history relating genome is com-
plicated, and statistical methods are required to model the different events,
many of which are inherently random. Some of the connections between statis-
tics and evolutionary models are discussed in Section 4.5.

Two distinct DNA bases that share a common ancestor are called homolo-
gous. Homologous bases can be related via speciation and duplication events,
and are therefore divided into two classes: paralogous and orthologous. Or-
thologous bases are descendant from a single base in an ancestral genome that
underwent a speciation event only, whereas two paralogous bases correspond
to two distinct bases in a single ancestral genome that are related via a du-
plication. Because we cannot sequence ancestral genomes, it is never possible
to formally prove that two DNA bases are homologous. However, statistical
arguments can show that it is extremely likely that two bases are homologous,
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or even orthologous (see Chapter 22). The problem of identifying homologous
bases between genomes of related species is known as the alignment problem.
The statistical model of choice for alignment is the pair hidden Markov model.
The algebraic representation of this model and its tropicalization, which un-
derlies the popular Needleman-Wunsch algorithm, was discussed in Section
2.2.

4.2 The data

Biology is a data-driven science. This means that progress in the field is the
result of analyzing data obtained from experiments. The experiments are per-
formed in individual laboratories, or via large scale collaborations utilizing
high-throughput technologies. Data produced by scientists is often fiercely
guarded, and rarely distributed before publication, however one of the attrac-
tive aspects of genomics is the availability of large amounts of high quality
genome sequence data. In fact, many publicly funded projects are required
to distribute their data through publicly available websites within hours of se-
quencing. The Fort-Lauderdale agreement, a result of a extensive discussions
between sequence providers and sequence analyzers held in 2003, provides guid-
ance from the NIH on how and when to publish results from genome analysis.
The document can be viewed at www.genome.gov/10506537. Researchers are
generally free to publish results derived from publicly posted genomes and
in return publication right for whole genome analyses on a newly sequenced
genome are reserved for those who sequenced the genome.

In this section we describe some of the data that is available for analysis,
and explain how to download it from publicly accessible websites.

4.2.1 Sequence Data

Most genomes today are sequenced using the whole genome shotgun strategy.
This strategy is based on two high-throughput technologies: the first is re-
combinant DNA technology which allows for the construction of libraries, so
called because they consist of large pieces of DNA from a genome, and can be
stored in a freezer. A library is made by shearing multiple copies of a genome
and inserting the pieces into simple replicating molecules (or organisms) called
vectors. The inserted pieces are called inserts. The inserts can vary in size
depending on the vector: libraries may consist of inserts ranging in size from 2
kilobases up to hundreds of kilobases long. The second important technology
is high-throughput sequencing which allows for the rapid sequencing of DNA
from the ends of inserts. The pieces that can be sequenced accurately are
typically about 500-700 base pairs long, and are called reads. To summarize,
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it is possible to sequence short segments of DNA, approximately 500-700 bp
long, in pairs separated by by some predefined distances, randomly from the
genome.

Example 4.5 The following is a read from the genome of the lesser Madagas-
car hedgehog (Echinops telfairi), sequenced in February 2005:

>gnl|ti|643153582 name:G753P82FG11.TO mate:643161057
mate_name:G753P82RG11.TO template:G753P82G11 end:R
TAATGAGTGGGGCGAAAGAATCGGCTCCGGTGATTCATCACTTGGCTGACCCAGGCCTGA
CCCAACCCATGGAATTGTCAAGTGCCTCGTATGCATGTGGAAGTTGGACATTGATTAAGA
AGACCAAAGAAGAATCTATGTGTTTTATTTGTGGTGCTAGAGAAGTACCTTGGACTGATA
AAAAGACAAACCAAACTGTATTGGACGAAGTAAGGCTTCTTGGAGGCAAGGATAGGAAGA
CTTTGTCTCACATACTTTGGACATATTGTCAGGACAGACCAGTCCCTGGCGAAGGACATC
ATGCTTGGTCAAGTGGAGGGGCAGTGGAAAAGAGGAAGGCGCTTAATGAGATGGATGGAT
ACAATTGCTACAATAATGGACCCAGGCATGGAAAAAAATTAAGTTTGTCACAGGACTGGG
CAGTGTTTCCTTTTGTTGTGCACAGGGTTGCTATGGGTCGGCACAGACTCAATGGCTTCA
AACAACAATAACAACAATCTAGTGATCCCAATAGTCAGCCTTTTATTTTTTCTCCCCCAA
GAAGAAAATATAATGGAGAAATTACATTCTGCTTTCATATTGAGGAAGAGAATTATGTTC
CTAATTGACCTATCATTGGCCCAGGATCCTGGATCTTCAACCCTAGTTTTTAGTGAAAGC
GTATGCTGAACTATTGTCTCCTGCATGGCATCTTCCACCCAGTTAGCTCTTGAAATGTTG
GGTTCTCTACATGACCTGATTCCTTCTTCTTCACACCCTAAGTCAAATATACATTGAGTC
CCATCAGTACCATCTCCAAAATACATTACAAATAAGACCATTTATTACCAATGCATTGCT
ATGACTCTAGACCATCTCTTCTCGTACTTGAACAATTGCAACAGCCAGTTCAATGCACCC
AGTACCCCTGTCCTCCACCTCTTCACAGGTCTCTCTATTTACACAATGGCCAAGAAGAGG
AAGAACACTTTTAATATATTGTGTGTCAAACAGCAAAAAACCACACAAC

The read was obtained by going to the NCBI trace archive (the raw output of
a sequencing machine is called a trace), located at
www.ncbi.nlm.nih.gov/Traces/trace.cgi

The website allows one to browse recently deposited traces, or to perform
advanced searches. Click on the Obtaining Data tab to learn more. Examin-
ing the read, we see that it is in FASTA format (see the discussion of MAVID in
Section 2.5). Notice that the name of the read specifies which one is its pair.

In whole genome shotgun projects, enough reads are sequenced so that there
is considerable overlap among them, allowing them to be merged in order to
reconstruct the genome. The problem of reconstructing the genome from the
reads is called the sequence assembly problem. Its difficulty depends on the
amount of sequencing, and also on the repetitive nature of the genome. Reads
also contain errors which complicate matters.

A few definitions are helpful in understanding sequence data, and the quality
of assemblies: Reads come equipped with quality scores. These quality scores
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are estimates of the reliability of bases in a read. The estimates improve
with assembly because of the redundancy of the libraries, and the fact that
every base in the genome appears in many reads. Therefore, even though
sequencing machines may be only 98 % accurate, there is a possibility for
correcting errors during assembly, and for estimating the uncertainty in bases
in assembled genomes. Quality scores are reported on a logarithmic scale, so
that if a base has a 1/10* chance of being incorrect then its quality score is
10k. Sequencing standards have progressed to the point where quality scores
of 40 are the norm. The coverage of a whole genome shotgun project is defined
to be the average, taken over all bases in the genome, of the number of reads
containing the base. For example, 5.1x coverage means that every base in the
genome was covered, on average, by 5.1 reads (see Example 4.9). Sequence
assemblies therefore typically contain gaps, and are often split into multiple
pieces that cannot be pieced together.

Reads are assembled into contigs, and contigs may be linked (by paired
reads) into super-contigs. Contigs are therefore made up of chains of overlap-
ping reads, however the contigs within super-contigs do not overlap.

Example 4.6 (The Lander-Waterman model) In an important paper,

[Lander and Waterman, 1988] pointed out that with a few simplifying assump-
tions about sequencing procedures, formulas could be derived for the expected
lengths of contigs in an assembly (the original paper relates to clone finger-
printing for physical mapping, but the results apply to whole genome shotgun
projects). Let G be the length of the genome being sequenced in base pairs,
L the length of a read, and N the number of sequenced reads. Let T be the
amount of overlap in base pairs between two reads needed to detect overlap.

LN

Set « =X, AL 5 =1— 0 and let ¢ be the coverage, i.e. LY.
G L G

Proposition 4.7 Assuming that reads are randomly located in the genome,
co

(i) The expected number of contigs is Ne™
(ii) The expected number of contigs consisting of j reads (j > 1) is

Ne—2ccr(1 . e—ccr)j—l'

(iii) The expected number of reads in a contig is €.
(iv) The expected length in base pairs of a contig is

L (e“’c— Lia- 0)> .

The Lander-Waterman model is therefore just a Poisson model for the number
of times a base is sequenced. The formulas can be used to calculate the amount
of sequencing that is necessary for different qualities of assembly.
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The quality of an assembly is measured in terms of N 50 sizes. If ¢ is defined
to be the number of bases that lie in contigs of size at least k, then the N50
size of an assembly is the largest k such that c¢; > % N50 sizes can also be
calculated for super-contigs.

Example 4.8 (Rice genome) The Beijing Institute of Genomics sequenced
a cultivar of the indica subspecies of rice (Oryza sativa) using the whole genome
shotgun strategy [Yu et al., 2002]. The original publication describes an assem-
bly from 4.2x coverage, built from 3,565, 386 reads, with reads of length 546
having quality score 20. The N50 contig size was 6.69 kb, and the N50 scaffold
size was 362 Mb. Updates to the original assembly, and comparison with other
subspecies are reported in [Yu et al., 2005].

The whole genome shotgun strategy has certain limitations, one of which is
that it is not possible to sequence long, highly repetitive portions of a genome.
It is therefore not possible to sequence the heterochromatin. In fact, there is
no existing technology for sequencing this DNA, and it is therefore impossible
to completely finish sequencing any vertebrate genome. Nevertheless, the term
finished has come into use to describe a genome whose euchromatin has been
sequenced and for which there are very few contigs in the assembly. Unfortu-
nately, there is no universally accepted definition of a finished genome beyond
the one we have just provided.

Finished genomes are useful for a number of reasons. For example, the
absence of a sequence that exists in another organisms can be certified and
investigated for biological relevance, something that is not possible with a
poor assembly. Furthermore, contiguity of the sequence allows for positional
information of sequence to be used, something which is not always possible
with draft genomes in many contigs.

Example 4.9 (Human genome) The human genome was finished in 2004
[Human Genome Sequencing Consortium, 2004]. The assembly as of January
2005 consists of 2.85 billion nucleotides interrupted by 341 gaps. It covers
almost all of the euchromatic part of the genome (estimated coverage about
99%) and has only about one error in 10,000 bases. The latest build of the
human genome can be downloaded from NCBI at:
ftp://ftp.ncbi.nih.gov/genomes/H sapiens/.

Another site, which is useful for browsing the genome is the UCSC genome
browser. In order to retrieve part of the human genome, the following steps
need to be performed:

(i) Open a browser and load the URL genome.ucsc.edu
(ii) Click on the Genome Browser tab on the left hand side.
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(iii) There are three pull down menus for selecting a clade, a genome from
that clade, and a specific version. Select Vertebrate, Human, May 2004.

(iv) The specific position to browse is entered in the position box. Enter
the coordinates chr17:38,451,220-38,530,912 and press submit.

(v) You will see a GIF image which depicts a region of the human genome
(see Section 4.3). Click on the DNA tab on the top of the page.

(vi) Click on the Get DNA button. You should see almost 100,000 DNA
bases on the screen.

Although some assembly programs are freely distributed, they are fairly com-
plicated software tools that require large amounts of computer memory, and
until recently most assembly has been done by the sequencing centers. Thus,
the sources for genome assemblies are mostly the large sequencing centers,
which we summarize in the list below:

e Broad Institute at M.I.T., Cambridge, Massachusetts, USA:
www.broad.mit.edu/resources.html

e DOE Joint Genome Institute, Walnut Creek, California, USA:
genome. jgi-psf.org

e Human Genome Sequencing Center at the Baylor College of Medicine,
Houston, Texas, USA: www.hgsc.bcm.tmc.edu/projects

e Wellcome Trust Sanger Institute, Cambridge, England:
www.sanger.ac.uk/Projects

e Genome Sequencing Center at Washington University, St. Louis, USA:
WWww.genome.wustl.edu

e Genoscope — the French National Sequencing Center, Evry, France:
www . genoscope.cns.fr/externe/English/Projets

e Agencourt Bioscience Coorporation, Beverly, Massachusetts, USA:
WWW.agencourt.com

e The Institute for Genomic Research, Rockville, Maryland, USA:
www.tigr.org/tdb

e Beijing Genome Institute, Beijing, China:
WWW.genomics.org.cn

e Genome Sequencing Centre, Jena, Germany:
genome.imb-jena.de

We have already seen that the UCSC Genome Browser is a useful site for
browsing genomes (although it is not a sequencing center). Another similar
site is Project ENSEMBL at www.ensembl.org

The most comprehensive online resource for genomic sequence is the National
Center for Biotechnology Information (NCBI) www.ncbi.nlm.nih.gov/. In



Biology 145

type program site

pairwise BLASTZ hgdownload.cse.ucsc.edu/downloads.html
pairwise BLASTZ ecrbrowser.dcode.org

pairwise AVID/LAGAN pipeline.lbl.gov

multiple MAVID hanuman.math.berkeley.edu/genomes/
multiple MAUVE asap.ahabs.wisc.edu/mauve/index.php

Table 4.2. Sites for downloading genome alignments.

addition to serving as a worldwide repository for all genome related data (main-
tained in a database called GENBANK www.ncbi.nlm.nih.gov/Genbank/),
NCBI also hosts the trace archive we have mentioned. It should be noted
that for some genomes, reads are not available as the sequencing centers
may not have released them. Another popular trace archive is housed at
trace.ensembl.org/.

4.2.2 Alignments

The identification of homologous components between genomes is the first step
in identifying highly conserved sequences that point to the small fraction of
the genome that is under selection, and therefore likely to be functional. The
recognition of homologous components requires two separate steps:

(i) Sequence matching. The identification of similar sequence elements be-
tween genomes.

(ii) Homology mapping. The separation of matches into homologous com-
ponents and sequences that match by chance.

The combined problem of finding matching sequence elements and then sort-
ing them into homologous components is called the alignment problem. Both
these problems are difficult, and are active areas of research in genomics. The
homology mapping problem is the topic of Chapter 13.

Alignments of genomes are available for download from a number of places,
the web sites and types of alignments available are summarized in Table 4.2.2

Genome alignments should be used with caution. Results are very dependent
on choices of parameters in the programs, and the multiple genome alignment
problem is particularly difficult due to the combinatorial explosion of the pos-
sible number of alignments. The dependence of alignments on parameters is
the topic of Chapter 7.



146 L. Pachter and B. Sturmfels

4.3 The questions

Biology is the study of living organisms. Living organisms are complex, and
although there are no known simple principles that completely explain their
function, there are fundamental components whose organization and interac-
tion form the basis of life. These components are distinguished by scale. At
one end of the spectrum are populations of species, whose interactions may be
governed by certain ecological constraints. Organs within individual species
are composed of tissues and cells. And at the microscopic level there is DNA,
itself composed of organic precursors and which is organized into genomes.
Genomes and cells are related by a series of intermediary biomolecules: RNA
and proteins, coded for by DNA, together form metabolites and organelles
which make up cells, and in turn cells are the structure which house DNA and
allow for its replication.

Mathematical biology is a general term that, in principle, encapsulates the
parts of mathematics relevant to the study of biology. Typically however,
mathematical biology usually refers to the mathematics relevant for studying
biological systems at a macroscopic scale. This is because it is only recently
that molecular biology has become an integral part of biological investigation.
Even more recent is the emergence of genomics, or the study of genomes, as a
discipline in its own right. Even though genomics is only a tiny piece of the
complex puzzle of biology, a complete understanding of genomes is an essential
step for learning more about the cell, which in turn is the stepping stone to
higher level systems.

) )
—
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-
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Fig. 4.2. Comparative genomics via annotation and phylogeny.

There are two important aspects to genome analysis. On the one hand, a key
problem is to understand the organization and function of individual genomes.
On the other hand, there is an equally interesting problem of understanding the
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evolution of genomes and the mechanisms of natural selection [Darwin, 1859].
The relationship between these problems is the central theme of comparative
genomics, and is illustrated pictorially in Figure 4.3. Our aim in this section
is to explain this figure, and survey some of the key problems in comparative
genomics.

chr17 (o21.31) [ I3EEe11 2l EETE ] B FACESE B Bl loes.3

] Base Position 38460006 33476008| | | szssi1eeea|l 355260008] 385530008|
Reflseq Genes

RefSeq Genes b+ t H—t—— t H—t H—+— t +

Fig. 4.3. Breast cancer type I early-onset gene: snapshot from the UCSC browser.

We begin by elaborating on the structure of a (eukaryotic) gene, which is
represented in Figure 4.3 by the boxes on a single horizontal line. Note that the
horizontal line is a cartoon for a genome sequence, and represents a sequence
of DNA. In order to understand the meaning of the boxes it is necessary to
know a bit about the structure of genes.

First, we recall that a gene is a subsequence of the genome that codes for
a protein. More precisely, a gene consists of a subsequence of transcribed
DNA, a subsequence of which is translated. In Figure 4.3 the top line is
DNA, which is transcribed into pre-mRNA. Only parts of the pre-mRNA are
translated; in fact, parts of it are cut out resulting in mRNA, which is the
substrate used for translation. The untranslated parts of genes are known as
UTRs (untranslated regions); typically both the 5" and 3’ ends of genes contain
UTRs. In Figure 4.3 they are the light blue exons, and the introns between
them. One of the main features of Eukaryotic genes is that they are spliced

Splicing is a biological process applied to preemRNA from a transcribed
gene, where certain subsequences called introns are removed. The remaining
subsequences, called ezons are spliced together to form a new RNA molecule
called mRNA, a subsequence of which is then translated. The splicing junctions
feature sequence signals, for example 5 splice sites, also called donor sites and
which are at the 5’ end of an intron (almost) always begins with the nucleotides
GT. Similarly 3’ splice sites, also known as acceptor sites and which are at the
3’ end of introns are (almost) always AG.

The boxes along the top line shown in Figure 4.3 represent exons. If the
cartoon is showing just one gene, then it has two exons, and it is their con-
catenation which is relevant for determining the protein they code for. An
example of a real gene is shown in Figure 4.3. The figure shows a screenshot
from the UCSC browser, obtained for the sequence described in Example 4.9.
The region displayed in the bottom panel is quite long (almost 100 kb) but
contains only one gene. The gene is called BRCA1, which stands for the breast
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Fig. 4.4. Structure of a gene.

cancer type I early-onset gene. The top panel shows the location of the region
on chromosome 17. Each of the boxes correspond to an exon. Mutations in
exons of the BRCA1 gene lead to truncated proteins, and studies have con-
firmed that patients with early-onset breast cancer are much more likely than
the general population to have mutations in this gene. One of the interesting
effects of splicing is that may different possible proteins may be coded by a
finite piece of DNA. This can be seen in Example 4.9 by selecting full for the
RefSeq genes which shows different variants of the protein. Mathematically,
the statement that a gene can have many alternative splicings is evident from
the following proposition:

Proposition 4.10 Suppose that a given DNA sequence contains n locations
that could be possible active 5" splice sites and m locations that could be possible
active 3' splice sites. In principle, the number of possible gene structures may
be as high as the Fibonacci number F i1 .

There are many outstanding biology questions related to genes. For example,
it is unknown if there is a functional role for all intronic sequence (sometimes
called “junk” DNA). Furthermore, it is still unclear if there are organizing
principles that explain in simple terms the regulation of genes. The connection
between the gene finding problem and hidden Markov models is explained in
Section 4.4.

Returning to Figure 4.3, we see that the tree on the right hand side shows
the evolutionary relationships between the sequences. This leads us to the
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alignment and evolutionary modeling components of comparative genomics.
In order to identify functional elements in the sequences, it is useful to identify
conserved regions in the alignments. Conversely, the alignment problem is
easier if one knows ahead of time the functional elements in each sequence.
Statistical models for alignment and evolutionary models are based on these
biological considerations, and we discuss them in more detail in Section 4.5.

It is important to note that comparative genomics is not only a computa-
tional endeavor. There are many experimental techniques being developed that
can be used to identify functional elements in genomes, and that also shed light
on genome evolution. In this regard it is important to mention the he ENCy-
clopedia of DNA Elements (ENCODE) Project [Consortium, 2004] which is an
NHGRI organized international consortium working towards the goal of identi-
fying all functional elements in the human genome sequence. The pilot phase of
the project is focused on 1% of the human genome sequence. Initial efforts in-
clude the development of high-throughput technologies for detecting functional
elements, as well as the sequencing of orthologous regions from multiple pri-
mates, mammals and other vertebrates. The available sequence from multiple
organisms complements additional sequence extracted from whole genome se-
quencing projects, and serves as a testbed for comparative genomics approaches
to detecting functional elements. Thus, the ENCODE project is aimed at fos-
tering interaction between computational and experimental scientists, and at
identifying promising research avenues and scalable technologies. Preliminary
analysis of some ENCODE regions is discussed in Chapters 22 and 21.

The ENCODE consortium sequence and analysis repository is housed at
genome.ucsc.edu/encode

4.4 Statistical models for a biological sequence

In Chapter 1 we introduced DiaNA | a strange fictional character who flips coins
and generates words on the alphabet {A,C,G,T}. Although DiaNA does not
seem to have anything to do with real biological DNA sequences, the principle
of imagining DNA to have been generated by fictional entities like DiaNA who
flip coins has proved to be extremely useful for biological sequence analysis. In
order to see this, suppose that we would like to analyze 1 million bases of DNA
from the human genome and identify CpG islands within them. One approach
is to count, for each contiguous subsequence of length 100, the number of Cs
and Gs, and to call a 100bp segment a CpG island if there are more than 70
Cs and Gs. There are a number of problems with such an approach. First,
the segment size 100 is arbitrary; perhaps some biologists prefer working with
segments of length 50, or 200. For such different segment sizes, what should be
the cutoff for deciding when the number of Cs and Gs indicates a CpG island?
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Again, there may be different intuitive guesses as to what constitutes “random
looking sequence.” A statistical approach to the problem helps to resolve such
issues, by carefully and precisely specifying the parameters and the model, thus
allowing for a mathematically rigorous description of “random.” This leads to
sensible approaches for deciding when a region is a CpG island.

Example 4.11 DiaNA serves as the statistical surrogate for our biological
intuition and understanding of CpG islands. In searching for CpG islands, we
begin with specifying what non-CpG random DNA should look like (DiaNA’s
fair die). When she chooses to toss this die, she makes a “non-CpG DNA
base”. Next, our biological knowledge suggests that CpG islands should have
an excess of C’s and G’s. The CpG island die therefore has higher probabilities
for those. Finally, a third die may represent DNA sequences that are poor in
C’s and G’s. Returning to Example 1.1 we recall that the probabilities were:

A C G T
first die  0.15 0.33 0.36 0.16
second die 0.27 0.24 0.23 0.26
third die  0.25 0.25 0.25 0.25

(4.1)

These probabilities reflect the actual properties of CpG islands; they were
computed from the table in [Durbin et al., 1998, page 50]. Once a model is
specified, statistical inference procedures can be applied to DNA for finding
CpG islands.

One of the original applications which highlighted the use of discrete statisti-
cal models for biological sequence analysis is the gene finding problem. Hidden
Markov models (HMMs) have been successfully applied to this problem. They
have also been used for finding other functional elements.

Mazimum a posteriori (MAP) inference with such models has become the
method of choice for ab initio gene finding. To give a precise definition of
MAP inference, let us recall the set-up of Section 1.3. The hidden model is
the map F : R? — R™ " gpecified by a matrix of polynomials F = (fij(H)),
while the observed model is the map f : R¢ — R™ whose coordinates are the
row sums of the matrix ', that is, f;(6) = > fi;(0). In MAP inference we
assume that one particular observation ¢ € [m] has been made. The problem
is to identify an index j € [n] which maximizes f;;(#). In other words, we wish
to find the best explanation j for the given observation i. Traditionally, the
parameters 6 are assumed to be known and fixed, but here we also consider
the parametric version where some or all of the parameters are unknowns.

For many models used in computational biology, including the Markov mod-
els discussed in Section 1.3, the hidden model F' will be a toric model (or very
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close to a toric model). This means that the entries of the matrix F' are mono-
mials in the parameters, say f;;(§) = 6% for some a;; = (aij1, - - ., aija) € N¢,
Then the probability of observing state i € [m] in the model f equals f;(0) =
Z?:l 0%i. The tropicalization of this polynomial is the tropical polynomial

n
gi(w) = Puw = min{aijwi + ayows + - - + aijawa}.
7=1
If we introduce logarithmic parameters w; = —log(6;) then our problem is to

evaluate the tropical polynomial g;(w). We summarize this as a remark.

Example 4.12 (Google) A useful example to keep in mind when thinking
of MAP inference is the Google “did you mean...” feature. A web search for
the words topicaal geom try leads Google to respond with Did you mean:
tropical geometry. In this case, the observed sequence (or the index i in

the discussion above) is topicaal geom try. The MAP inference problem is
to find the set of words (index j) that maximizes f;;(#). The model can be
specified in many ways, perhaps taking advantage of patterns in the English
language or among commonly used web sites. Below we replace the English
language by DNA, and patterns of usage in the English language by features
of genes.

We emphasize in a separate remark below the connection between MAP infer-
ence and tropical arithmetic. Implications of this connection are discussed in
Chapters 5-9.

Remark 4.13 MAP inference is tropical evaluation of a coordinate polyno-
mial.

In the context of biological sequence analysis, hidden Markov models can be
used to model splice sites of eukaryotic genes. The underlying biology was
explained in the previous section. Our model incorporates two fixed sizes for
the 5 and 3’ splice sites (k and k' respectively), and distinguishes exons from
introns. Our HMM has length n where n is the length of the DNA sequences we
wish to model. The alphabet of hidden statesis ¥ ={F,1,...,k I,1 ... K},
where F is a state for “exon” sequence preceding the first splice site and I a
state for “intron” after the first splice site. The alphabet of observed states is
> = {A,C,G,T}.
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The parameters of this model consist of a pair of matrices 6, 8’ where

E 1 23 - kI U 2 . ¥

E 6, 1—6, 0 0 00 0 0 0

1 0O 0 10 00 0 0 0

2 0 o0 1 00 0 0 0

k—1lo o 0 o0 1 0 0 0 0

9 = k 0 0 00 01 0 0 0

I 0O 0 00 0 6, 1—6, 0 0

1 0 0 00 o0 0 1 0
K-1l0 0 00 --- 0 0 0

k! 1 0o 00 --00 0O 0 --- 0

and €' is a (k + 2) x 4 matrix specifying the output probabilities. The latter
matrix is known as a position specific scoring matriz (PSSM) or a weight ma-
triz. When describing a PSSM, the output probabilities for the states I and
E are typically not represented, as they are assumed to either be 0.25 for all
observed possibilities, or else easily obtainable for the problem at hand.

Example 4.14 Using 139 different splice site junction sequences, [Mount, 1982]
estimated the parameters for a (k = 12) PSSM for donor sites :

7 8 9 10 11 12
0.29 0.12 0.84 0.09 0.18 0.2
0.61 0.67 0.09 0.16 0.39 0.24
0.07 0.11 0.05 0.63 0.22 0.27
0 0.02 0.09 0.02 012 0.2 0.28

1 2 3 4
0.2 0.09 0.11 0.74
0.3 04 0.64 0.09
0.2 0.07 0.13 0.12
0.3 0.44 0.11 0.06

Q3= Q
ool e
o O O

This particular PSSM played a key role in helping to find splice sites in
genomes, although the availability of much more data has revealed additional
structure in splice sites which can be modeled and used to improve their iden-
tification [Abril et al., 2005].

The transition matrix 6 is typically sparse, and so it is convenient to repre-
sent the sparsity pattern with a directed graph. This graph is known as the
state space diagram. In our HMM for two splice sites, that graph is a directed
cycle of length of k + k' + 2 with two special nodes (namely, “E” and “I”)
which have self-loops. We shall explain MAP inference for this model. For
simplicity we assume that numerical values (perhaps those in Example 4.14)
have been fixed for all entries in the PSSM ', and that the initial distribution
on X is the distribution which is uniform on the two states “E” and “I”.
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Suppose we are considering DNA sequences of length n. Then our HMM is
a polynomial map f : R? — R*". The coordinates of the map f are indexed
by DNA sequences o € (X')". Each coordinate f, is a polynomial in the two
model parameters #; and 6> which is naturally written in the form

fol01,02) = > aiju 07 (1—01)7- 05 (1—06y),
i,5,k,l

where ;i € R>o depends polynomially on the entries in the PSSM #'. Each
sequence in X" that is a walk in the directed cycle described above will con-
tribute to one of the summands of f, (61, 62). In that summand, 7 is the number
of adjacent pairs “EE” in the sequence, j is the number of pairs “F17, k is
the number of pairs “II”, and [ is the number of pairs “I1"”.

For instance, if n = 10,k = k' = 2 and the observation is ¢ = ACGTGGTGCA
then the sequence of hidden states EFE12I111'2'E contributes the term

((00) 00 (016)* 01201601201 6051c) - 01 - (1= 01) - 05 - (1 = 02),

where the parenthesized product is a constant real number.
For MAP inference in this model it is convenient to think of 6; and 1 — 0; as
independent parameters. We thus introduce four different logarithmic weights:

w11 = —log(Hl), w12 = —log(l — 91), wao1 = —log(Hg), wWaoo = —log(l — 92)
Then the tropicalization of f,(61,62) has the form
go(w) = mingji{Biju +iwi + jwiz + kwar + lwaa}.

MAP inference for this model means evaluating this piecewise-linear function
for fixed w;;. Parametric inference means precomputing g,(w) by polyhedral
geometry. Using the techniques discussed in Section 3.3, this can be done easily
for any given PSSM 6" and observation o. The output of that computation is
a complete list of all the Viterbi sequences, by which we mean a sequence in
" whose corresponding linear form 3k + iw11 + jwi2 + kw1 + lwas attains
the unique minimum for some choice of weights w;;. Each Viterbi sequence
represents the optimal splice site locations for a range of numerical values of
01 and #>. The list of Viterbi sequences produced by parametric inference
also include a characterization of all boundaries between these ranges in the
(61, 62)-plane. Such an output may provide valuable information about the
robustness of a specific Viterbi sequence to changes in the parameters.

In order to predict genes in a genome, a more sophisticated HMM than
the splice site model given above needs to be used. Indeed, more recent ap-
proaches to gene finding make use of much more sophisticated HMMs that not
only model splice sites, but also ensure that predicted structures contain an
open reading frame (ORF). This means that the translated part of the mRNA
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end. In addition, exon lengths, which are not geometrically distributed, are

must be of length 0 mod 3, and must contain a stop codon only at the very
modeled explicitly using a modification of hidden Markov models known as

semi-hidden Markov models or generalized HMMs.
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Fig. 4.5. State space diagram for a simple gene finding HMM.
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Example 4.15 [Gene finding HMM] The model consists of a pair of matrices,
6,6, one of which is a 25 x 25 matrix 6 (transition probabilities) , and the
other a 25 x 4 matrix (output probabilities). In total, there can therefore be
up to 725 parameters. In practice, biological considerations simplify matters,
leading to matrices 0 that are very sparse. In fact, the specific model we have
in mind has only 41 non-zero entries for the matrix 6. There is also additional
structure in 6, for example many entries are set to 1. Models with so many
parameters are summarized with a state transition diagram (see Figure 4.5).
The state transition diagram is a graph with one node for every state in X.
There is an edge for every nonzero entry in the matrix . Notice that the
bottom half of the state transition diagram is a mirror image of the top half
(with the directions of the arrows reversed). This reflects the fact that genes
can be found on either strand of the DNA sequence.

Proposition 4.16 The probability of any hidden path in the model in Example
4.15 that does not use 0 mod 3 exon states is 0.

The parameters ¢ in a gene finding HMM are derived from known observed
frequencies of codons in known genes, and from the overall frequencies of the
bases in intergenic and intronic DNA. In other words, the maximum likelihood
estimates for these parameters can be obtained from the fully observed model
using Proposition 1.9 and Theorem 1.10. The parameters in 6 relate biologi-
cally to lengths of introns, exons, and the distance between genes. These are
also derived from known genes (for how this is done see the final section below).
In principle, one could estimate the parameters using MLE with the hidden
model, however this is typically not done in practice.

The model we have described in Example 4.15 has a number of limitations.
As we have discussed, it does not model splice sites at all and there is no
explicit modeling of exon lengths. There are also other gene elements that
are simply not possible to model at all with current methods. For example,
different cell types in an organism have different genes transcribed (and there-
fore translated) at different times. This process is largely regulated through
enhancement or suppression of transcription, and is referred to as regulation.
Transcription factor binding sites (TFBS), also called cis-regulatory elements
are small sequences, typically in the neighborhood of genes that are bound
to by proteins that mediate transcription (called trans-acting). A complete
solution to the gene finding problem therefore requires annotation of TFBSs.
Despite some encouraging results for TFBS identification with hidden Markov
models, the problem problem is much harder and has traditionally been tackled
separately.
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4.5 Statistical models of mutation

Point mutations in DNA sequences are well modeled by continuous Markov pro-
cesses on trees. This point of view, pioneered by Joe Felsenstein [Felsenstein, 2003],
has been extensively explored and developed during the past thirty years. The
relevant algebraic statistics involves the hidden tree models of Subsection 1.4.4.

In what follows we offer a derivation of biologically relevant hidden tree models.
We also return to our discussion of pair hidden Markov models for sequence
alignment, with a biological discussion of insertions and deletions, and by ex-
plaining what exactly DiaNA is doing in the diagram on the book cover.

4.5.1 Ewvolutionary Models

Although the biology of point mutation is complicated, the use of Markov
processes on trees is motivated by underlying principles which capture, to
some degree, the complexities of mutation. These are:

e Mutations occur at random, although possibly with different probabilities
at different places in the genome.

e Mutations occur independently in different species.

e In genome locations where mutations can occur, there is, at any given time,
a nonzero probability that mutation occurs.

The first two requirements leads naturally to hidden tree models. The tree
T corresponds to a species tree, with different species labeling the leaves of the
tree. Thus, we have the structure of a phylogenetic tree appearing naturally,
and associating a hidden tree model with the point mutation process is equiv-
alent to specifying that bases observed at the leaves of the tree are a result of
a stochastic process of mutation between “hidden” interior vertices of the tree.

The third requirement leads to a further restriction of hidden tree models,
specifically to evolutionary models . We now define this class of models.

A rate matriz (or Q-matriz) is a square matrix Q = (g;j)ijexn, with rows
and columns indexed by ¥ = {A, C, G, T} (note that the twenty letter alphabet
of amino acids may also be used). Rate matrices must satisfy the following
requirements:

gi; >0 for i#j,

ZQij =0 forall i€
JjEX

qi; <0 forall 7€ X.
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Rate matrices capture the notion of instantaneous rate of mutation. From a
given rate matrix () one computes the substitution matrices 0(t) by exponen-
tiation. The entry of #(¢) in row i and column j equals the probability that
the substitution ¢ — --- — j occurs in a time interval of length ¢.

Theorem 4.17 Let Q be any rate matriz and 0(t) = e9' = 322 LQt'. Then

(i) O(s+1t) = 6(s)-0(t) (Chapman-Kolmogorov equations),
(ii) O(t) is the unique solution to the forward differential equation
0'(t)=0(t)-Q, 6(0) =1 for t >0, (here 1 is the identity matriz)
(ii) 6(t) is the unique solution to the backward differential equation
0t)=0Q-0(t),00)=1 for t >0.
(iv) 60(0) = Q".

Furthermore, a matriz Q is a rate matriz if and only if the matriz 0(t) = €9 is
a stochastic matriz (nonnegative with row sums equal to one) for every t > 0.

Proof For any matrix A, the matrix exponential e? is defined by

A3 AR
k!
k=0
The matrix exponential is well defined because the series on the right hand side
converges componentwise for any A. A standard identity that can be derived
directly from the definition is that eA*? = e4e? provided that A and B are
matrices that commute. Since s@Q) and Q) commute for any s, ¢, it follows that
O(s+t) =06(s)-0(t). In order to derive (ii) and (iii), we need to differentiate
0(t) term-by-term, which is possible because the power series 0(¢) has infinite
radius of convergence. We find that

70 = 2 G

= 0(t)-Q = Q-6(t).
k=1
Iterated differentiation leads to the identity (iv), which says that the kth deriva-
tive of (t) evaluated at 0 is just the matrix Q*. The uniqueness in parts (ii)
and (iii) is a standard result on systems of ordinary linear differential equations.
The last part of the theorem provides the crucial connection between rate
matrices and substitution matrices. One direction of the theorem is easy: if
6(t) is a substitution matrix for every ¢ > 0, then >, 6;;(t) = 1 for all ¢t > 0.
Using identity (iv) with £ = 1, we have that

> aqi(t) = Y 6;(0) = 0.
j j

This says that the row sums of ) are 0, i.e., () is a rate matrix. To prove
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the other direction, we note that as t — 0, the Taylor series expansion gives
0(t) = I +tQ+O(t*) which immediately implies that g;;(¢) > 0 for i # j if and
only if 6;;(t) > 0 for all 4, j when t is sufficiently small. But 6(t) = 0(t/m)™
for all m, so in fact g;; > 0 iff 6;;(¢) > 0 for all t > 0. Finally, it is easy to
check that since () has row sums equal to zero, so does Q™ for all m, and so
the result follows directly from the definition of #(¢) in terms of Q. O

A standard example is the Jukes-Cantor rate matriz

—3a « Q Q
B a 3o « !
@ = o a —3a o |’
« Q Q —3a

where a > 0 is a parameter. The corresponding substitution matrix equals

1+ 36—4at 1— e—4at 1— e—4at 1— e—4at
1 1— e—4at 1+ 36—4at 1— e—4at 1— e—4at
9(75) = Z 1— e—4at 1— e—4at 1+ 36—4at 1— e—4at

1— e—4at 1— e—4at 1— e—4at 1+ 36—4at

The expected number of substitutions over time ¢ is the quantity
1 1
3at = ~1 ~trace(Q) -t = ~1 -log det (6(t)). (4.2)

This number is called the branch length. It can be computed from the substi-
tution matrix 6(t) and is used to weight the edges in a phylogenetic tree.

One way to specify an evolutionary model is to give a phylogenetic tree T’
together with a rate matrix Q and an initial distribution for the root of T
(which we here assume to be the uniform distribution on ¥). The branch
lengths of the edges are unknown parameters, and the objective is to estimate
these branch lengths from data. Thus if the tree T" has r edges, then such
a model has r free parameters, and, according to the philosophy of algebraic
statistics, we would like to regard it as an r-dimensional algebraic variety.

Such an algebraic representation does indeed exist, This is not entirely obvi-
ous since the probabilities in the substitution §(¢) do not depend polynomially
on the parameters a and t. We shall explain the (algebraic representation of)
the Jukes-Cantor DNA model on an arbitrary finite rooted tree T'. Suppose
that 7" has r edges and the leaves are indexed by [n] = {1,2,...,n}. Let 6;(¢)
denote the substitution matrix associated with the i-th edge of the tree.

We make the following change of variables in the space of parameters. In-
stead of using «; and ¢; as in (4.2), we introduce the new two parameters

1
mo=—(1—e ") and p; = 1(1—1—36_4%“).
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These parameters satisfy the linear constraint
i + 3m; = 17

and the branch length of the i-th edge can be recovered as follows:
3oty = ~1 -logdet(6') = ~1 -log(1 — 4m;).

Indeed, the parameters are simply the entries in the substitution matrix

Kio T T T
g — T Hi T T
T TG Mg T
T T T Mg

The Jukes-Cantor model is a submodel of the general Hidden Tree Model
which was introduced in Section 1.4. Namely, the Jukes-Cantor model on the
tree T with r edges and n leaves is the polynomial map

f: R — RY

which is obtained by specializing the transition matrices to the specific 4 x 4
matrices §* above.

Remark 4.18 Each coordinate polynomial fy,4,...., of the Jukes-Cantor model
is a multilinear polynomial in the model parameters (u1,m1), ..., (fn, T), i-€.,
fusug--u, 18 linear in (u;, m;) when the other parameters are fixed.

As an illustration we derive the model which was featured in Example 1.7.

Example 4.19 Let n =r = 3, and let T be the tree with three leaves, labeled
by {1,2,3}, directly branching off the root of 7. We consider the Jukes-
Cantor DNA model with uniform root distribution on 7. This model is a
three-dimensional algebraic variety, given as the image of a trilinear map

f : R?P — R,

The number of states in {A, C, G, T}? is 4% = 64 but there are only five distinct
polynomials occurring among the coordinates of the map f. Let pio3 be the
probability of observing the same letter at all three leaves, p;; the probability
of observing the same letter at the leaves 7, 7 and a different one at the third
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leaf, and pg;s the probability of seeing three distinct letters. Then

D123 = Hipopy + 3T Tams,

pdis =  Opamems + 6miugms + 6mimous + 6mmoTs,
P12 = uipems + 3mimous + 6w moms,

P13 = Spamops + 3mipoms + 6mmems,

P23 = 3mipopus + 3puimomy + 6w TS,

All 64 coordinates of f are given by these five trilinear polynomials, namely,

1

fasa = fece = foee = frrr = Z * P123,
1

face = fact = - = fere = ﬂ * Pdis
1

fase = faar = - = frre = 5 P12,
12
1

faca = fara = -+ = frar = 5 P13,
12
1

foan = fraa = - = ferr = E * P23.

This means that our Jukes-Cantor model is the image of the simplified map

£ R® — R, ((pa,m1), (42, 72), (43, 73)) — (D123, Pdis> P125 P13, D23)-

There are only three parameters since p;+3m; = 1. Algebraists prefer the above
representation with (u; : 7;) as homogeneous coordinates on the projective line.

To characterize the image of f’ algebraically, we perform the following linear
change of coordinates:

qi11 = p123 + %pdis - %pm - %pl?, - %pz?, = (u — m1)(p2 — m2) (s — m3)
G110 = P23 — 3Pdis + P12 — 5P13 — 5p23 = (1 — m1) (2 — m2) (3 + 373

qo11 = P123 — %pdis - %pm - %pm +p23 = (p1+3m1)(p2 — m2) (3 — 73

( )
4101 = D123 — %pdis - %plz + P13 — %pz?) = (p1 — m1)(p2 + 3m2)(u3 — m3)
) )
gooo = D123+ Pdis + P12+ P13+ pa3 = (w1 + 3m1) (2 + 3m2) (3 + 3m3)

This reveals that our model is the hypersurface in A4 whose ideal equals

Ir = {qooodt1s — 90119101110

If we set p; =1 — 3m; then we get the additional constraint ggog = 1.

The construction in this example generalizes to arbitrary trees 1. There ex-
ists a change of coordinates, simultaneously on the parameter space (P')" and
on the probability space P*"~1, such that the map f becomes a monomial map in
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the new coordinates. This change of coordinates is known as the Fourier trans-
form or as the Hadamard conjugation (see [Evans and Speed, 1993, Hendy and Penny, 1993,
Semple and Steel, 2003]).
We regard the Jukes-Cantor DNA model on a tree 7" with n leaves and r
edges as an algebraic variety of dimension r in P*"~!, namely, it is the image
of the map f. Its homogeneous prime ideal I7 is generated by differences of
monomials ¢* — ¢® in the Fourier coordinates. In the phylogenetics literature
(including the books [Felsenstein, 2003, Semple and Steel, 2003]), the polyno-
mials in the ideal Iy are known as phylogenetic invariants of the model. The
following result was shown in [Sturmfels and Sullivant, 2004].

Theorem 4.20 The ideal I7 which defines the Jukes-Cantor model on a bi-
nary tree T is generated by monomial differences q¢* — ¢ of degree at most
three.

If we allow @ to be an arbitrary rate matrix then P(¢) is an arbitrary stochas-
tic matrix. The resulting model is the general Markov model on the tree T'. All-
man and Rhodes [Allman and Rhodes, 2003] determined an almost-complete
system of phylogenetic invariants for the general Markov model on a tree T

An important problem in phylogenomics is to identify the maximum like-
lihood branch lengths, given a phylogenetic X-tree T', a rate matrix ¢ and
an alignment of sequences. For the Jukes-Cantor DNA model on three taxa,
described in Example 4.19, the exact “analytic” solution of this optimization
problem leads to an algebraic equation of degree 23. See Section 3.3 for details.

The Felsenstein hierarchy is the cumulative result of experimentation and
development of many special continuous time Markov models with rate ma-
trices that incorporate biologically meaningful parameters. The models are
summarized in Figure 4.6, with arrows indicating the nesting of the models,
and the more general models on top. Each matrix shown is a rate matrix @),
and it is assumed that w4 + ¢ + g + 7 = 1. The diagonal entries (marked
by a dot) are forced, by the definition of a rate matrix, to equal the negative
of the sum of the other entries in their row.

The simplest model is the Jukes-Cantor model [Jukes and Cantor, 1969]
which is highly structured and imposes a uniform root distribution, together
with equal probabilities for transitions and transversions. On the other end of
the spectrum is the general time reversible (REV) model which only imposes
the requirement of time reversibility. The drawback of the REV model is that
it lacks the group structure of the Jukes-Cantor model, and maximum likeli-
hood estimation is also complicated by the added parameters. A number of
compromises have been studied, one of the most popular being the Hasegawa-
Kishino-Yano (HKY) model. This model allows for different transition and
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Fig. 4.6. The Felsenstein Hierarchy

transversion rates, a requirement which is dictated by the chemistry of DNA
(Figure 4.1).

Strand symmetric models are specializations of the REV model in which it is
assumed that m4 = 77, and ¢ = 7g. In [Yap and Pachter, 2004] it is shown
that REV rate matrices estimated from human, mouse and rat alignments
indicate that strand symmetry is a reasonable assumption. This is the basis
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for the study of the strand symmetric model in Chapter 16 by Casanellas and
Sullivant.

We conclude with two examples: one that shows how mutation models are
used in distance based tree reconstruction methods, and another which illus-
trates the use of evolutionary models for identifying conserved positions in
genomes.

Example 4.21 (Jukes-Cantor correction) Suppose that we are given a
multiple alignment from which we would like to infer a tree:

Human: ACAATGTCATTAGCGAT...
Mouse: ACGTTGTCAATAGAGAT...

Rat: ACGTAGTCATTACACAT. ..
Chicken: GCACAGTCAGTAGAGCT. ..

If there are many taxa, it is not feasible to search through all trees (Section
2.4), so instead a metric is constructed and then projected onto a tree metric.
The neighbor joining algorithm 2.40 is the most widely used projection.

In order to obtain a metric, mutation models are used to compute the max-
imum likelihood distance between each pair of taxa. In the case of the Jukes-
Cantor model this is known as the Jukes-Cantor correction. More generally,
such estimates are called pairwise distance estimates. Here the tree T has only
two leaves, labeled by X = {1, 2}, directly branching off the root of 7. The
model is given by a surjective bilinear map

¢ P! xP' — P ((p1,m), (p2.m2)) — (P12, pais)- (4.3)

The coordinates of the map ¢ are

P12 = M1 + 3mima,
Pdis = 3urmay + 3uom + 6mwme.

As before, we pass to affine coordinates by setting p; =1 — 3m; fori=1,2.

One crucial difference between the model (4.3) and Example 4.19 is that
the parameters in (4.3) are not identifiable. Indeed, the inverse image of any
point in P! under the map ¢ is a curve in P' xP!. Suppose we are given data
consisting of two aligned DNA sequences of length n where k& of the bases are
different. The corresponding point in P! is u = (n — k, k). The inverse image
of v under the map ¢ is the curve in the affine plane with the equation

12nmymy — 3nmy — 3nmy + kK = 0.

Every point (71, 72) on this curve is an ezxact fit for the data v = (n — k, k).
Hence this curve equals the set of all maximum likelihood parameters for this
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model and the given data. We rewrite the equation of the curve as follows:

(1 —4m)(1 —4m) = 1—%2 (4.4)

Recall from (4.2) that the branch length from the root to leaf i equals
3oty = ~1 logdet(0'(t)) = ~21 -log(1 — 4m;).

By taking logarithms on both sides of (4.4), we see that the curve of all maxi-
mum likelihood parameters becomes a line in the branch length coordinates:
3 4k
t t = ——.1 1——). 4.
3aqty + 3ants 1 og( 3n) (4.5)
The sum on the left hand side equals the distance from leaf 1 to leaf 2 in the
tree T'. We summarize our discussion of the two-taxa model as follows:

Proposition 4.22 Given an alignment of two sequences of length n, with k
differences between the bases, the ML estimate of the branch length equals

3 4k
= —— 1 1——.
d12 1 og( 3n>

Similar results exist for other models in the Felsenstein hierarchy.

Example 4.23 (Phylogenetic shadowing) Suppose we are given a column
in a multiple alignment and we would like to know whether it is conserved or
not. One way to answer this question is to perform a likelihood ratio test with
two different points on an evolutionary model. That is, for a fixed observation
o = 0109 - - - o, of nucleotides at the leaves of a tree T', for a fixed model in the
hierarchy, and for two different rate matrices Qg (slow model) and Qp (fast
model), we compute

log pE
log p3

(4.6)

where pZ is the probability of o with rate matrix Qr, and p? is the probability

of o with rate matrix (Jg. Such a test is especially sensible if the species be-

ing compared to each are at nearby evolutionary distances, so that the multiple

alignment is reliable without many insertions and deletions [Boffelli et al., 2003].
Phylogenetic hidden Markov models are extensions of hidden Markov models

to more general tree models that take advantage of this idea. More details can

be found in [Siepel and Haussler, 2004, McAuliffe et al., 2004].
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4.5.2 Insertion and Deletion

One of the main mechanisms by which DNA sequences change is insertion and
deletion. Insertions and deletions can happen, for example, during DNA repli-
cation. Repetitive sequences are particularly prone to a phenomenon known as
strand slippage, during which non-pairing of the complementary strand results
in small insertions or deletions [Levinson and Gutman, 1987]. In order to cor-
rectly align sequences, it is therefore necessary to accurately model insertions
and deletion, as well as point mutation.

The description of how pair hidden Markov models are parameterized based
on biological considerations and subsequently used for inference takes us back
to DiaNA, and her picture on the cover of the book. DiaNA is again our
surrogate for biological intuition, and what follows is an exact description of
what she is doing:

Example 4.24 (DiaNA hopping on the alignment graph) The graph on
which DiaNA walks is the alignment graph G,, ,, (Section 2.2). This is a square
grid which includes diagonal edges. DiaNA begins at one corner and will walk
along edges of the graph until she reaches the opposite corner. She must always
walk towards the far corner; so in particular she cannot backtrack her steps.
She walks randomly, which means that at every vertex, she decides at random
which of the three directions to take. When she is on a boundary however,
she is constrained to walk in only one direction since she must always progress
towards the far corner.

Each time she takes a step she crosses an edge, and as she does so she tosses
two tetrahedral die. Each of these die has the letters A,C,G,T written on the
four sides. The die land (at random) and we, the result is recorded for us, the
observers. Unfortunately, we are blindfolded so we cannot see DiaNA as she
hops along the graph, but fortunately, her tetrahedral die tosses are recorded
for us and we read them after she is done hopping. Our gaol is to guess which
path she took on the graph.

Recall from Chapter 2 that a pair hidden Markov model is specified by two
matrices, 6 and #’. DiaNA’s random walk on the graph is determined by the
matrix . It is therefore theta’ which models insertions and deletions, with
the probabilities associated to the length distributions. Suppose that DiaNA
makes an insertion move. The probability that she repeats an insertion is 0’17 I
It follows that the probability that she remains walking in the same direction
(i.e., keeps making insertions) for k steps is therefore ( /17 I)k. The insertions
generated by DiaNA are therefore geometrically distributed in length, with
expected length W. The average length of observed insertions and dele-
tions can therefore be used to set the parameters 0’17 ; and 0’D7 p- Similarly, the
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frequency of insertions and deletions determines the parameters 0’H7 ; and 0’H7 D
Unfortunately, to date there has not been enough data to carefully measure
these quantities, however it should be possible in the near future thanks to the
extraordinary amount of new sequence data, much of it from closely related
species pairs.

DiaNA’s pair hidden Markov model also consists of a matrix 6, which con-
tains the probabilities for pairs of nucleotides. It is therefore necessary to select
a model for mutation, and to this end the models described in the point mu-
tation section are very reasonable. Thus, DiaNA’s pair hidden Markov model
contains an evolutionary model as an ingredient (albeit with two taxa in the
case of pairwise sequence alignment).

In Chapter 7, the question is explored of whether pair hidden Markov models
are sufficient for modeling insertion and deletion. In particular, it is shown
that there are genomic sequences for which no choice of parameters yields the
correct alignment, thus indicating that there is lots of room for improvement
in the modeling of sequences and their mutations. In other words, we do not
yet understand exactly what it is that DiaNA is doing.

Our goal, of which we must not lose sight, is to find the best alignment, which
means guessing how DiaNA hopped along the graph. Recalling Remark 4.13
this is precisely MAP inference, which is the tropical evaluation of a coordinate
polynomial of the model.



Part 11

Studies on the four themes

The contributions in this part of the book were all written by students,
postdocs and visitors who in some way were involved in the graduate course
Algebraic Statistics for Computational Biology that we taught in in the mathe-
matics department at UC Berkeley during the fall of 2004. The chapters range
in scope from specialized case studies, further developing some of the themes
in Part 1, to full-blown research article on topics of current interest.

Many of the eighteen chapters contain original research that has not been
published elsewhere. Some of the highlights among new results include:

e Theorem 6.7 which states that polytope propagation on a graph runs in
polynomial time, even if the number of parameters is not fixed (Chapters
6). This is accompanied by theoretical investigations into exact bounds
(Chapter 8) and the impact of specializing parameters (Chapter 5).

e An example of a biologically correct alignment which is not the optimal
alignment for any choice of parameters in the pair HMM (Chapter 7).

e Theorem 9.1 which states that the number of inference functions of a graph-
ical model grows polynomially for fixed number of parameters.

e Theorem 10.5 which states that, for alphabets with four or more letters,
every toric Viterbi sequence is a Viterbi sequence.

e Explicit calculations of phylogenetic invariants for the strand symmetric
model (Chapter 16) which highlight connections between the general re-
versible model and group based models.

e A novel method for tree reconstruction based on singular value decomposi-
tion (Chapter 19).

The other chapters also include either interesting new results, or in some
cases important methodological advances. Chapter 15 introduces a standard-
ized framework for working with small trees. Even results on the smallest non-
trivial tree (with three leaves) are interesting, and are discussed in Chapter 18.
Similarly, Chapter 14 presents a unified algebraic statistical view of mutagenic
tree models. In terms of tools, Chapters 11 and 20 describe novel numerical
approaches to solving long-standing problems. Chapter 12 is a thorough ex-
position of the Baum-Welch algorithm, and addresses some of the pitfalls to
beware of when applying it. Chapters 13, 21 and 22 focus on some of the
immediate challenges we face in working with and interpreting genomic data.
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We present a brief biography for each of our twenty-seven contributors that
summarizes their backgrounds, and explains their connection to our class.

e Jameel Al-Aidroos is a Ph.D. student in mathematics at UC Berkeley.
He has worked on algebraic geometry (supervised by Tom Graber), and was
first introduced to computational biology during our course in fall 2004.

e Niko Beerenwinkel received his Ph.D. in computer science in 2004 from
the University of Saarbriicken, Germany (supervised by Thomas Lengauer).
His thesis was on computational biology using machine learning methods.
Upon graduation, he was awarded the prestigious Emmy Noether fellowship
which he is using to pursue postdoctoral research at UC Berkeley.

e Nicolas Bray graduated with a B.S. in mathematics from UC Berkeley
in 2004, and continues now as a Ph.D. student in the same department
(supervised by Lior Pachter). He is the developer of the MAVID multiple
alignment program, and continues to work on comparative genomics.

e David Bryant is an assistant professor of mathematics and computer sci-
ence at McGill University in Montreal, Canada, and also holds a faculty
position at the University of Auckland, New Zealand. An expert on phylo-
genetic analysis, he is a co-developer of the software package SplitsTree.
David Bryant was invited to lecture in our course during the fall of 2004.

e Marta Casanellas is an assistant professor at the Universitat Politécnica
de Catalunya in Barcelona, Spain. She is an expert in algebraic geometry,
and became interested in computational biology in 2004, in the course of
visiting Roderic Guigd and his computational biology group at the Institut
Municipal d’Investigacié Médical in Barcelona. Marta came to Berkeley in
the fall of 2004 for an extended visit, and now works on phylogenetics.

e Anat Caspi is a Ph.D. student in the joint UC San Francisco/UC Berkeley
graduate group in bioengineering (supervised by Lior Pachter). She has a
Masters degree in computer science from Stanford University, and is inter-
ested in machine learning applications to computational biology.

e Mark Contois is an undergraduate student in mathematics at San Fran-
cisco State University (supervised by Serkan Hosten). He has also working
on computational biology in the laboratory of Eric Routman.

e Colin Dewey studied biology and computer science as an undergraduate
at UC Berkeley, and is now a Ph.D. student in computer science (supervised
by Lior Pachter). He has worked on homology mapping and parametric
sequence alignment, and is the developer of the Mercator mapping program.

e Mathias Drton received his Ph.D. in statistics from the University of Wash-
ington in 2004 (supervised by Michael Perlman and Thomas Richardson).
He has worked on maximum likelihood estimation in graphical models, and
is a postdoctoral researcher at UC Berkeley. In Fall 2005 he will start a
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tenure track position in the Department of Statistics at the University of
Chicago.

Sergi Elizalde received his Ph.D. in applied mathematics from M.L.T. in
2004 (supervised by Richard Stanley) where he worked on combinatorics
and enumeration. He is currently a postdoctoral fellow at the Mathematical
Sciences Research Institute at Berkeley (MSRI). Starting in Fall 2005, he
will be a John Wesley Instructor in Mathematics at Dartmouth College.
Nicholas Eriksson is a Ph.D. student in mathematics at UC Berkeley
(supervised by Bernd Sturmfels). He has worked on on algebraic statistics
and is the first mathematics graduate student at UC Berkeley to enroll in the
designated emphasis in computational biology interdisciplinary program.
Luis David Garcia received his Ph.D. in mathematics from Virginia Poly-
technic Institute in 2004 (supervised by Reinhard Laubenbacher), where he
worked at the Virginia Bioinformatics Institute. After spending a postdoc-
toral semester in the fall 2004 program on Hyperplane Arrangements at
MSRI, he is now a Visiting Assistant Professor at Texas A & M University.
Ingileif B. Hallgrimsdéttir will receive her Ph.D. in statistics from UC
Berkeley in June 2005 (supervised by Terence Speed). She works in sta-
tistical genetics, a topic which she had already pursued while working at
DeCODE Genetics in Iceland, and for her Masters in Gothenburg, Sweden.
Michael Joswig is an expert in mathematical software and polyhedral ge-
ometry. He developed the software POLYMAKE. Michael holds a professorship
in Mathematics at the Technische Universitdt Darmstadt, Germany.

Eric Kuo will receive his Ph.D. in computer science from UC Berkeley in
June 2005 (supervised by Lior Pachter). His interests range from theoretical
computer science to convex polytopes and discrete mathematics.

Fumei Lam will receive her Ph.D. in applied mathematics from M.L.T.
in June 2005 (supervised by Michel Goemans). She has worked on graph
theory, approximation algorithms and computational biology.

Garmay Leung is a Ph.D. student in the joint UC San Francisco/UC
Berkeley graduate group in bioengineering and is doing rotations (currently
with Michael B. Eisen). She did research on computational biology and cell
biology as an undergraduate at Cornell University.

Dan Levy is receiving his Ph.D. in mathematics during the summer of 2005
(supervised by Lior Pachter and Rainer Sachs), and will stay in Berkeley for
one more postdoctoral year. His research is in mathematical biology.
Radu Mihaescu has a B.A. from Princeton University and is now a Ph.D.
student in mathematics at UC Berkeley (supervised by Lior Pachter and
Satish Rao). He is interested in theoretical computer science.

Alex Milowski received his M.A. in mathematics from San Francisco State
University in May 2004 (supervised by Serkan Hosten). He was one of the
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developers of the Extensible Markup Language (XML) and related stan-
dards.

e Jason Morton is a second-year Ph.D. student in mathematics at UC Berke-
ley (supervised by Bernd Sturmfels). He is interested in algebraic statistics.

e Raazesh Sainudiin will receive his Ph.D. in statistics from Cornell Univer-
sity in May 2005 (supervised by Rick Durett). His research is on statistical
inference in population penetics, phylogenetics and molecular evolution.

e Sagi Snir received his Ph.D. in computer science in May 2004 from the
Technion - Israel Institute of Technology (supervised by Benny Chor). He
has worked on analytic maximum likelihood solutions for phylogenetic re-
construction, and on convex recoloring. He is a postdoc at UC Berkeley.
mathematics department at UC Berkeley.

e Seth Sullivant received his M.A. from San Francisco State University in
2002 (supervised by Serkan Hogten) and his Ph.D. from UC Berkeley in
2005 (supervised by Bernd Sturmfels). Both degrees are in mathematics.
He works on algebraic statistics. Starting in July 2005, Seth will be a junior
fellow with the Society of Fellows at Harvard University.

e Kevin Woods received his Ph.D. in mathematics from the University of
Michigan in May 2004 (supervised by Alexander Barvinok). He is interested
in combinatorics, specifically topics in discrete and computational geometry,
and is an NSF postdoc in the Mathematics Department at UC Berkeley.

e Ruriko Yoshida received her Ph.D. in mathematics from UC Davis in
May 2004 (supervised by Jesus DelLoera). She has worked on phylogeny
reconstruction, combinatorics, contingency tables and integer programming.
After visiting the Berkeley math department during the summer of 2004, she
is now an Assistant Research Professor of Mathematics at Duke University.

e Josephine Yu was an undergraduate at UC Davis and is now a Ph.D. stu-
dent in mathematics at UC Berkeley (supervised by Bernd Sturmfels). She
has worked on matrix integrals, finite metric spaces and tropical geometry.

The results in this part of the book only begin to hint at the vast number
of mathematical, computational, statistical and biological challenges that will
need to be overcome in order to understand the function and organization of
genomes. In a future version of our graduate course we imagine numerous
new class projects on a wide range of topics including Bayesian statistics,
graphical models with cycles, aspects of real algebraic geometry, information
geometry, multiple sequence alignment, motif finding, RNA structure, whole
genome phylogeny, and protein sequence analysis, to name a few.
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Parametric Inference
Radu Mihaescu

Inference in graphical models is one of the most frequent and important sta-
tistical problems today. These models involve two kinds of random variables:
hidden and observed. In computational biology applications, the observed
random variables correspond to known biological data, such as a sequence of
nucleotides, while the hidden random variables correspond to unknown biolog-
ical information, such as which segments of DNA are coding regions or how
two sequences align. The problem of inference in graphical models is concerned
with finding an explanation for the observed data: the most likely set of values
for the hidden variables given the set of observations. We refer the reader to
Chapter I for a self-contained description of graphical models and inference.

Clearly, inference of hidden data is highly dependent on the characteristics of
the graphical model, such as its topology and the transition matrices associated
to its edges. But very often, the models we use do not come with specific
transition matrices. Usually, the assumptions one can make about the nature
of evolution, site mutation and other such biological phenomena allow us to
place these transition matrices on some parameterized families.

This raises several questions. If our choice of parameters is slightly off, will
the explanation change? What other choices of parameters will give the same
explanation? Can we find all possible explanations and what parameters will
yield them? These are the sorts of questions we will answer, using the tools of
parametric inference, which solves the inference problem for all possible sets
of parameters simultaneously.

In this chapter we present the polytope propagation algorithm for parametric
inference, which was first introduced in [Pachter and Sturmfels, 2004a]. This
algorithm is nothing more than the polytope algebra version (see Section 2.3)
of a classical method in the theory of graphical models, known as sum-product
decomposition. We examine the polytope propagation algorithm in Section 5.2,
and, in particular, we describe the details of the algorithm in the context of two
very important problems in computational biology: the hidden Markov model
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for gene annotation and the pair-hidden Markov model for gene alignment.
The analysis relies heavily on the theory developed in Sections 1.4, 2.2 and
2.3, and the reader is strongly urged to become familiar with those sections
before reading this chapter.

Unfortunately, the running time of polytope propagation is exponential in
the number of parameters. Therefore, in applications where the number of
parameters is very large it is of practical interest to specialize most of them to
fixed values and study the dependence of the explanation upon variations of the
remaining few parameters. In Section 5.4 we give an explicit presentation of
an algorithm that does this efficiently, together with an analysis of its running
time. As we will see, the complexity of the algorithm is, as one would hope,
polynomial in the length of the sequences, for a fixed number of unspecialized
parameters.

5.1 Tropical sum-product decompositions

In general, the problem of inference (for fixed parameters) can be regarded
as the tropical version of computing the marginal probability of the observed
data. Indeed, let us consider a graphical model and let the vector of values for
the hidden and observed variables be denoted by ¢ and 7 respectively. Then

Prob(r) = Zpgm (5.1)

where p, ; is the probability of having states o at the hidden nodes and states
7 at the observed nodes of the model. This is the probability of the observed
data marginalized over all possible values for the hidden data. On the other
hand, the task of finding an explanation corresponds to identifying the set
of hidden states ¢ with maximum a-posteriori probability of generating the
observed data 7. In other words:

0 = argmax,{pyr}.

Now following the notation of Chapter 2, let w, = —In(p«). Then the above
equation turns into

o = argmin {wg, ; }.

This is exactly the marginalization in (5.1), performed in tropical algebra:
Ws = @ W 7 (5.2)

The reader is referred to Section 2.1 for more details on the tropical algebra.
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In general, marginal probabilities for acyclic graphical models can be com-
puted in time polynomial in the size of the model using the sum-product de-
composition, which is a recursive representation of a polynomial in terms of
smaller polynomials. Such a decomposition is very useful for computing values
of polynomial expressions with a large number of monomials, where a direct
symbolic computation would be very costly. This is known in the literature as
the forward algorithm.

As we can see from the above analysis, ”tropicalizing” the operation of
marginalization is equivalent to solving the inference problem. Therefore, the
sum-product decomposition of marginal probabilities, when it exists, naturally
yields efficient algorithms for inference with fixed parameters. In the following
subsections we exemplify this with the Viterbi algorithm for hidden Markov
models and the Needleman-Wunsch algorithm for sequence alignment (see Sec-
tion 2.2).

5.1.1 The sum-product algorithm for HMM’s

The hidden Markov model is one of the simplest and most popular models used
in computational biology. In this subsection we will use the notation of Section
1.4, to which we also refer the reader unfamiliar with the model. Suppose that
we have an HMM of length n, with hidden states o;, i € [n], taking values
in an alphabet ¥ with [ letters, and observed variables 7;, i € [n], taking
values in the alphabet Y’ of size I’. The model parameters are the ”horizontal”
transition matrix # € R and the ”vertical” transition matrix ¢ € RV, The
probability of occurrence of a full vector of states (o, 7) is therefore

1
/ / /
pa’ﬂ' = _90'1,7'190'170'29 90’270'3 t 0

l 02,72 On,Tn

Given an observation 7 = 7o ... T,, the marginal probability of 7 is:

Pr = chm- (53)

By tropicalizing and maintaining the notation from the beginning of the section
we get that the explanation for the sequence of observations 7 is given by

o = argmin {wy , }

W = @wgﬁ (5.4)

The problem of computing (5.3) can be easily solved by noticing that the
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probability p, has the following decomposition:

l l l
br = Z eérn,q—n( Z 90n71,0n92rn,1,7—n,1(' - Z 501,02921,7—1) ) (5.5)

on=1 on_1=1 o1=1

Computing p, using this decomposition is known as the forward algorithm for
HMM’s. Its time complexity is O(I?n), as can be easily checked.

We now observe that tropicalizing this algorithm gives us a way of efficiently
solving equation (5.4). By taking u;; = —log(0; ;) and v;; = —log(0; ;), we
obtain

@(Ucnn O Ugyoy O Voyry - - O Uy y00 O Voyr,) = (5.6)

o

@(Ucrnm © (@ (Vo 17rp1 OUoy oy - O (@(Ucnn O Ugyo,)) - - -)))

On On—1 o1

Evaluating this quantity by recursively computing the parentheses in the above
formula is known as the Viterbi algorithm, and has the same time complexity
as its non-tropical version, the forward algorithm.

5.1.2 The Sum-Product Algorithm for Sequence Alignment

The sequence alignment problem asks for the best possible alignment be-
tween two words ol = olol...0l and 02 = 0%?03...02 over the alphabet
¥ = {A,C,G, T} that have evolved from a common ancestor via insertions,
deletions or mutations of sites in the genetic sequence. A full description of the
problem can be found in Section 2.2, whose notation we maintain in the subse-
quent analysis. As in Section 2.2, we represent an alignment by an edit string
h over the alphabet {H, I, D} such that #H + #D = n and #H + #I = m.
Let A, be the set of all strings.

Each element h € A, corresponds naturally to a pair of words (u!, u?)
over the alphabet XU {—} such that ' consists of a copy of o' together with
inserted “—” characters, and similarly p? is a copy of o2 with inserted “—”
characters. See (2.8).

Now consider the pair-hidden Markov model for sequence alignment pre-
sented in Section 2.2. Equation (2.15) gives us the marginal probability f,1 ,2
of observing the pair of sequences o' and o2:

|hl |hl

R N I (W | e (5.7)
=2

heAn m i=1

Here the parameters # and ¢’ are as in Section 2.2.
Just as before, we will be interested in the tropical version of the above
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formula, which gives the alignment with the largest a posteriori probability,
given the parameters of the model and the observed sequences. Letting w; ; =
—In(0; ;) and w; ; = —In(6; ;), equation (5.7) yields:

|h] |hl

trop(fo102) = @ @w“%%z : @wﬁliihhi. (5.8)
i=2

heAn,m =1

The above relation computes the negative logarithm of the maximum a-posteriori
probability over the set of possible alignments.

This is equivalent to finding a minimum path in the alignment graph of
Section 2.2, which can be solved through the Needleman-Wunsch algorithm,
a version of the sum-product algorithm, based on the recursive decomposition
of (5.8) described below.

1.1 1

1
Let o2, denote the sequence oo, ...0;.

. Let U%j be defined in the same

way. Also define ®X (i, j) to be the maximum negative log probability among
alignments of aéi and 0% ; such that the last character in the corresponding edit
string is X. Equation (5.8) then gives us the following recursive formula(s):

®'i,j) = w_p oD@ 1) 0wk,
X
P(i,5) = wy_o@@Y(i-1,j)ouwp)
X
(i j) = we 2 OP@N(i-1,j-1)Ouwkp) (5.9)
X
where
2%(0,0) = 0vVX
dX(0,7) = OVX #IT
dX(i,00 = OVX#D
J
o(0,5) = w_po(OWrow_ )
k=2
i
P(0,0) = w0 ()(Wwhp©ws )
k=2

Finally we have

trop(f,1,52) = @ ¥ (n,m). (5.10)

X

The running time of the Needleman-Wunsch algorithm is O(nm) as we per-
form a constant number of @ and ® operations for each pair of indices (i, 7).
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5.2 The Polytope Propagation Algorithm

In this section we will describe parametric emphmaximum a-posteriori proba-
bility (MAP) estimation for probabilistic models. Our goal is to explain how
parametric MAP estimation is related to linear programming and polyhedral
geometry. The parametric MAP estimation problem comes in two different
versions. First there is the local version: given a particular choice of parame-
ters determine the set of all parameters which have the same MAP estimate.
The local version is an important problem because it can be used to decide
how sensitive the MAP estimate is to perturbations in the parameters. The
global version of parametric MAP estimation problem asks for a partition of
the space of parameters such that any choice of two parameters lie in the same
part if and only if they yield the same MAP estimate. We will show that for
arbitrary statistical models, the local problem is solved by computing a certain
polyhedral cone (the normal cone at a vertex of the Newton polytope) and the
global problem is solved by computing a certain polyhedral fan (the normal
fan of the Newton polytope). In the case that the underlying statistical model
has a sum-product decomposition, there is a natural extension of the tropical
sum-product algorithm which replaces numbers with polyhedra and solves the
parametric MAP estimation problem.

We will now show how to perform the tropical sum-product algorithm in a
general fashion, finding an explanation for all choices of parameters. Let us
consider the polynomial

d
fp)=> _py" - pt
j=1

and suppose that f comes from some statistical model where p = (p1,...,pr)
is the vector of parameters, and each possible sequence of hidden states corre-
sponds to some monomial (note that some of these monomials may in fact be
equal). We maintain this assumption throughout the rest of this chapter. For
a fixed value of p, finding an explanation is equivalent to finding the monomial
of f whose value p?l .- -pzjk is maximum. If we let w; = — logp;, then this
amounts to finding the index j of the monomial of f which minimizes the linear
expression e; - w = Zle wjej;. We observe that e; can be an explanation for
some choice of parameters if and only if the point P; = (ej1, ..., €j;) is on the
convex hull of the set {(e;1,...,eix) : ¢ € [d]}, i.e it is a vertex of the Newton
polytope of f, Newt(f).

The optimization problem of finding an explanation for a fixed set of param-
eters w can therefore be interpreted geometrically as a linear programming
problem in the Newton polytope Newt(f). In the notation of Section 2.3,
the optimization problem described above means finding (e;1,€j2,...,€r) =
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face,, (Newt(f)). Conversely, the parametric version of this problem asks for
the set of parameter vectors w for which a vertex P; gives the explanation. In
Section 2.3 it is shown that this is the cone in the normal fan of the polytope
Newt(f) which corresponds to the vertex Pj: Nyewt(r)(P;). Constructing the
normal fan NNCWt( ) therefore amounts to partitioning the parameter space
into regions such that the explanation for all sets of parameters in a given re-
gion is given by the polytope vertex associated to that region. We can obtain
Newt(f) and NNCWt(f) through the polytope propagation algorithm, which is
nothing more than the polytope algebra version of the sum-product decom-
position. We refer the reader to Section 2.3 for details on Newton polytopes,
normal fans and the polytope algebra.

To exemplify, solving the parametric version of (5.4) for hidden Markov mod-
els or (5.8) for sequence alignment amounts to finding the normal fan of the
Newton polytopes Newt(p,) and Newt(f,1 ,2). As can be easily observed, in
both examples our polynomials will have an exponential number of monomials.
It is thus not feasible to compute the Newton polytope by first computing the
polynomial explicitly. We will therefore make use of the recursive representa-
tions given by (5.6) and (5.9). Theorem 2.25 immediately gives us a recursive
representation of the needed Newton polytopes: simply translate (5.6) and
(5.9) into the polytope algebra of Section 2.3.

For the hidden Markov model we obtain the following:

Newt(p;) = @D (Newt (6], . ) ©

On

P Newt (6], ,r. 00, 10,) - © P Newt(8),,,05,5,)) - - ).

On—1 o1

For the sequence alignment example, take P(i, j) to be the Newton polytope
of the sum of the scores of all alignments of the two partial sequences o, and
o2 ; which end with an insertion. This corresponds to the sum of the weights
of all paths from the origin to the insertion vertex of the K33 corresponding
to position (i, j) in the alignment graph of Figure 2.2. Define P (i, j) and
PH(i, ) similarly and (5.9) gives us:

Pli,j) = Newt(0_,2) © (P (i, j—1) © Newt(dx 1))
X

PP(i,j) = Newt(,1_)©@(P¥(i—1,5) © Newt(6y p))
X

PH(ij) = Newt(6,,2) 0 @P¥(i—1,j—1)© Newt(tly ) (5.11)
X
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where

PX(0,0) = conv{(0,...,0)} VX
PX0,5) = conv{(0,...,0)} VX #1
PX(,0) = conv{(0,...,0)} VX #D

J
PI0,5) = Newt(0_ 2 [[(05,10-02))

k=2

PP(i,0) = Newt(6,1, H 0,001,
k=2
And finally
Newt(fy1 52) @PX n,m) (5.12)

The above decompositions naturally yield straightforward algorithms for
computing the Newton polytopes Newt(p,) and Newt(f,1 ,2), and one can
easily extend this method to any polynomial f with a sum-product decompo-
sition. Once the polytope Newt(f) has been computed, the final step of our
algorithm is to compute the normal fan Nyewt(s)-

5.2.1 A small alignment example

To illustrate our algorithm, we give below a very small example of parametric
sequence alignment under a highly simplified version of the scoring scheme of
Section 2.2. Under our model, the same "reward” is assigned to all matches
and the same "penalty” is assigned to all mismatches and gaps. We disregard
completely the scores assigned to horizontal transitions. In the language of
Section 2.2, this is equivalent to w’X7Y =0VX,Y, wyq=2Vaec{A CGT}
and wep =y Va,b € {A,C,G,T,—}, a # b. This model is commonly known
as the 2-parameter model for sequence alignment.

Notice that the absence of horizontal transition probabilities eliminates the
need for the triple recurrence present in the sum-product decomposition of
the generalized scoring scheme. Letting ®(i,j) denote the score of the best

alignment of the sequences aii and o2 jr we have:

(i, j) = (P(i —1,j—1) Owy1 52) & (D(i — 1,)) Oy) @ (®(i,j — 1) ©y) (5.13)

In the polytope algebra, letting P(i,j) denote the convex hull of all the
points associated with alignments of aéi and 0% i the above relation becomes:



with the single vertex (1,0) and by (y) the Newton polytope with the single
vertex (0,1). Figure 5.1 illustrates the polytope propagation algorithm for the

(P(i—1, j—1)®Newt(
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Wl 52
z’g

alignment of two very short sequences.

)B(P(i—1,7)0(y)®(Pi—1,j-1)o(y))
(5.14)
where for simplicity of notation we will denote by (x) the Newton polytope
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Fig. 5.1. Polytope propagation for sequence alignment.




180 R. Mihaescu

5.3 Algorithm Complexity

In this section we analyze the time complexity of the polytope propagation
algorithm. Given a polynomial f together with a sum-product decomposition,
we want to compute Newt(f) and NNCWt( 7)- The questions we will have to
answer are the following;:

(i) How many polytope algebra computations do we have to perform?
(i) What is the individual time complexity of these operations?
(iii) What is the complexity of computing the normal fan of Nyewt(p)?

Let us consider the first question. In the examples of the previous section,
the only multiplicative (Minkowski sum) operations we needed to perform were
multiplication by a single point, i.e. shifting a polytope by a given vector. For
a D-dimensional polytope with N vertices, this takes O(ND) time and is
strongly dominated by the additive operations. In this section we will limit
our analysis to models where the only multiplicative operations are the trivial
ones, as this turns out to be the case with most acyclic graphical models.

In general, the number of polytope algebra computations we need to perform
will be the product of the number of levels in the sum-product decomposition of
f and the number of operations per level. This is exactly the time complexity
of computing the explanation for a given set of parameters, using the sum-
product decomposition. For instance, in the case of the hidden Markov model
of the previous section, the total number of polytope algebra operations will
be O(I?n). In the sequence alignment example, at each step we compute three
sums of exactly three polynomials, therefore the total number of operations is
O(nm).

In order to answer question (2), we need to settle on an efficient representa-
tion for our Newton polytopes. Section 2.3 provides us with two options: the
V-representation and the H-representation. In general, the two are roughly
equivalent in terms of computational versatility, due to the principle of dual-
ity. However, in the context of parametric inference, the V-representation will
prove more natural, as we are able to prove upper bounds on the number of
vertices of the Newton polytopes we find.

To facilitate our subsequent discussion, let us denote by vp(K) the com-
putational complexity of finding the V-representation of the convex hull of K
points in D dimensions. Also let NV be the maximum number of vertices among
all the polytopes encountered by the algorithm. It is clear that the additive
polytope algebra operation will have a time complexity of at most O(vp(2N)).

The next step is providing upper bounds for the number N. Since we are
dealing with Newton polytopes of polynomials, all vertices will have integer
coordinates. Now suppose that the degree of f is n. Then at every intermediate
step of the algorithm, the degree of any variable will always be at most n.
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We can therefore assert that all polytopes created by the algorithm will lie
inside the D-dimensional hypercube of side-length n. We will make use of the
following theorem of Andrews:

Theorem 5.1 ([Andrews, 1963]) For every fixed integer D there exists a con-
stant Cp such that the number of vertices of any convex lattice polytope P in
RP is bounded above by Cp - vol(P)P~D/(D+1),

Unfortunately, Theorem 5.1 only applies to full dimensional polytopes: the
polytope cannot be contained in a lower-dimensional subspace of RP. As it
turns out, this will almost always be the case. Now suppose that the final poly-
tope we compute has dimension d. It is easy to see that the polytope algebra
operations can only result in an increase of the dimension of the polytopes, i.e.
dim(P®Q) > max{dim(P), dim(Q)} and dim(P®Q) > max{dim(P), dim(Q)}
for any two polytopes P and Q. Then all of the intermediate polytopes will
have dimension at most d. We call d the true dimension of the model (assum-
ing that the polynomial f comes from some statistical model, as in the HMM
and sequence alignment case).

Let us illustrate. In the HMM example, each monomial p, . is a product
of n variables ng and n — 1 variables 6;;. Thus, for each point in Newt(p,),
the sum of the I’ coordinates corresponding to the ng variables is n and the
sum of the {? coordinates corresponding to the t;; variables is n — 1. These
two inherent constraints of the model mean that d < D — 2. In fact, the true
dimension may be even smaller, but since there is no general recipe for finding
the true dimension d of a model, we will limit our discussion to this simple
example.

The following lemma will be essential in the derivation of our running time
bounds.

Lemma 5.2 LetS be a d-dimensional linear subspace of RP. Then among the
set of D coordinate axes of RP, there exists a subset {iy,is,...,iq} such that
the projection ¢ : S — R given by ¢((w1,72,...,2p)) = (Tiy, Ti—2, . .., Tip) 08
mjective.

Proof Let v',...v% € RP be a basis for the subspace S. Let A be the
D x d matrix with columns v!,...v% Then the rank of the matrix A is
exactly d. Now suppose that for any choice of indices {iy,i2, ..., iq} the pro-
jection ¢((x1,2,...,2p)) = (x4, Ti—2,...,%;,) is not injective on S. Let u
be a non-zero vector in the kernel of the projection. Then u can be writ-
1. .v% and its projection ¢(u) =
(wiy, wi—2, ..., u;,) is the 0 vector. This means that for any choice of d rows of

ten as a linear combination of the vectors v

the matrix A, the restrictions of the columns of A to those d rows are linearly
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dependent, in other words all d X d minors of A cancel. But A was of rank d,
and we have a contradiction. O

Now suppose that the true dimension of our model is d and let S be the
affine span of the final polytope P. By the lemma, there is a set of d coordi-
nate axes such that the projection ¢ of the linear subspace S onto the space
determined by those d axes is injective. Then ¢(P is also a d-dimensional poly-
tope, whose vertices have integer coordinates and are in 1-1 correspondence
with the vertices of P. Moreover, ¢(P) lies inside a d-dimensional hypercube
with edge length n (all the exponents are at most n). Therefore the volume
of ¢(P) is at most n?. Applying Andrews’ result, we infer that P has at most
N = Cy - n¥d=1/(d+1) yertices. Since all intermediate polytopes have dimen-
sion at most d, the above upper bound on the number of vertices will hold for
all intermediate polytopes as well.

We obtain the following theorem:

Theorem 5.3 Given a polynomial f of degree n in D variables such that the
dimension of Newt(f) is d, then all the polytopes computed by the polytope

propagation algorithm will have at most ¢g - n™d=1/@+1) yertices.

We still have not elucidated the mystery surrounding the function vp. If
D = 2 or D = 3, computing the V-representation of the convex hull of D
points is comparable to computing the entire convex hull (including edges and
faces), and it can be done in time O(Nlog(N)).

We now turn our attention to the case D > 4. A point v; € R is on the
convex hull of the set A = {vq,...,vn} if and only if there is a hyperplane
of RP separating vj from the rest of the points in 4. In turn, the existence
of such a hyperplane is equivalent to the feasibility of a linear program. In
general, a linear program has the following representation:

Minimize ¢-Z,
subject to A-Z =0b,
and T >0,

where ¢ € RP, A € RV*P and b € RY are the parameters of the program. We
refer the reader to [Grotschel et al., 1993] for more details on linear program-
ming and polytopes.

We can therefore solve the problem of computing the extremal points of a
set of N points in RP by solving N linear programs, each with D variables and
N constraints. Linear programming, however, is one of the most interesting
and controversial areas of theoretical computer science. If one regards the
dimension D as fixed, then solving a linear program with NV constraints takes
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O(N) time. However, the constant of proportionality is exponential in D,
namely O(2P1°8(P)) [Chazelle, 1991].

On the other hand, Khachiyan’s algorithm [Khachiyan, 1980] solves a linear
program in time polynomial in the length of the bit representation of the
program parameters. For our purposes, this implies a strongly polynomial
algorithm, since all the points of our polytopes have integer coordinates of
size at most n, therefore the linear programs will have integer parameters of
size linear in n. The length of the representation of the linear programs will
therefore be polynomial in n. Finally, it is worth mentioning that, although it
has no theoretical running time guarantees, the well-known simplex method is
most often the fastest way to solve linear programs.

Theorem 5.4 Let f be a polynomial of degree n in D wvariables, and suppose
that f has a sum-product decomposition into k steps with at most | additions
and | multiplications by a monomial per step. Also let d = dim(Newt(f))
and let N = cqnid=D/@+D)  Thep if D = 2,3, we can compute the V-
representation of Newt(f) in time O(kINlog(N)). If D > 4, we can com-
pute the V-representation of Newt(f) in time O(kINvp(2N)), where vp(2N)
is either O(29P102(D) NY or polynomial in both N and D.

Finally, we need to address our third question, the complexity of computing
the normal fan of Newt(f). Note that if one is only interested in the set of
extremal vertices of Newt(f), together with a single parameter vector for which
each such vertex is optimal, then the V-representation of Newt(f) suffices and
the computation of the normal fan is not needed. Linear programming provides
us with a certificate for each vertex, i.e. a direction in which that vertex is
optimal. If one is interested in the full set of parameter vectors associated
to each vertex, then one needs to compute the normal fan Nyewt(s). This
requires the computation of the full convex hull of the polytope Newt(f) and
its running time is in fact dominated by this computation. For D < 3, the
convex hull can be computed in time O(N log(N), as mentioned above. For
D > 3, the best known algorithm for computing the convex hull of a D-
dimensional polytope with N vertices is given in [Chazelle, 1993] and has a
time complexity of O(N [D/ 2]). Unfortunately, the constant of proportionality
is again exponential in D.

Theorem 5.5 Let f be a polynomial of degree n in D wvariables, and suppose
that f has a sum-product decomposition into k steps with at most | additions
and | multiplications by a monomial per step. Also let d = dim(Newt(f)) and
let N = cqn®d=D/d+1) " Then if D = 2,3, we can compute NNeWt(f) in time
O(KkINlog(N)). If D > 4, we can compute Nxewt(s) in time O(klN2+N[D/2]),
where the constant of proportionality is exponential in D.
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5.4 Specialization of Parameters
5.4.1 Polytope Propagation with Specialized Parameters

In this section we present a variation of the polytope propagation algorithm in
which we may specialize the values of some of the parameters. Let us return
to the generic example

n
fo)=> _p?" . pt
j=1

Now let us assume that we assign the values 0; = a; for h < i < k. Our
polynomial becomes

n
_ €1j €hj CE(h+1)j Ckj
fa(p) = E Py Pp Opqy - Qs
j=1
which we can write as

n
fa(p) — Zpil] . p;h] eln(ah+1)e(h+1)j+...ln(ak)ekj (515)
j=1

We can now treat the number e as a general free parameter and this new
representation of f, as a polynomial with only h + 1 free parameters, with
the only generalization that the exponent of the last parameter need not be
an integer, but an integer combination of the logarithms of the specialized
parameters.

But suppose that the polynomial f has a sum-product decomposition. It is
clear that such a decomposition automatically translates into a decomposition
for f, by setting pf to ¢?!n(Pi) - Furthermore, a monomial p?l .. .pzjk gives
an explanation for some parameter specialization p = b such that b; = a; for
t > hif and only if b- e; = max;b - e;, so if and only if the corresponding vertex
(e1,. .-, €n, Zf:hH In(a;)e;) is on the Newton polytope Newt(f,) of f,.

We have reduced the problem to that of computing Newt( f,) given the sum-
product decomposition of f, induced by that of f.

Finally, we have to give an association of each set of parameters (eq, ..., ep)
with a vertex of Newt(f,). We can do this in two ways, both of which have
comparable time complexity.

The first method involves computing the normal fan of Newt(f,), just as
before. This gives a decomposition of the plane into cones, each of which cor-
responds to a vertex of Newt(f,). For all vectors of parameters with negative
logarithm lying inside a certain cone, the corresponding explanation vertex is
the one associated with that cone. However, the last parameter in the expres-
sion of f, is the number e, therefore the only relevant part of the parameter hy-
perspace R"*1! is the hyperplane given by pni1 = e, so —log(pps1) = —1. The
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decomposition Gy, of this hyperplane induced by the normal fan of Newt(f,)
in R is what we are interested in. Every region in this decomposition is
associated with a unique vertex on the upper half of Newt(f,) (with respect
to the (h + 1)’st coordinate).

Alternatively we can compute the decomposition Gy, directly. First we
project the upper side of the polytope Newt(f,) onto the first h coordinates.
This gives a regular subdivision Ry, of an h-dimensional polytope. The rea-
son for projecting the upper side alone is that we are looking for minima of
linear functionals given by the negative logarithms of the parameter vectors.
However, the last parameter is e, so the corresponding linear coefficient is —1.

R"*1 corresponding to a fixed set of values for the first &

Taking the real line in
coordinates, we can see that the point on the intersection of this line with the
polytope Newt(f,) which minimizes the linear functional is the one with the
highest h + 1’st coordinate. Thus when projecting on the first i coordinates
we will only be interested in the upper half of Newt(f,).

In order to partition the hyperplane R” into regions corresponding to ver-
tices of Ry,, we need to identify the dividing hyperplanes in R". Each such
hyperplane is given by the intersection of the hyperplanes in the normal fan
of Newt(f,) with the h-dimensional space given by setting the last coordinate
in R**1 to —1. Therefore, each dividing hyperplane corresponds uniquely to
an edge (v;,v;) in Ry,, and is given by the set of solutions (x1,...xp) to the
following linear equation:

xr1€e;1 + ...+ xpein — [ln(ah+1)e(h+1)i + .. .ln(ak)eki] =
r1ej1 + ..+ Thejn — [In(ant1)egqry; + - - - Infag)er;] (5.16)

The subdivision of R* induced by these hyperplanes will be geometrically
dual to Ry,, with each region uniquely associated to a vertex of Ry,, so of
Newt(f,). This is the object which we are interested in, as it gives a unique
monomial of f for every set of values for the first A parameters of f, given the
specialization of the last £ — h parameters.

5.4.2 Complexity of Polytope Propagation with Parameter
Specialization

Let us now compute the running time of the algorithm described above. Much
of the discussion in the previous section will carry through and we will only
stress the main differences. As before, the key operation is taking convex hulls
of unions of polytopes. Let N be the maximum number of vertices among
all the intermediate polytopes we encounter. We again define the function
Uh+1(IN) to be the complexity of finding the vertices of the convex hull of a set
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of N points in R, Note that in the case of parameter specialization, the
last coordinate of the vertices of our polytopes is not necessarily integer.

This last observation implies that we will not be able to use Khachiyan’s
algorithm for linear programming to get a strongly polynomial algorithm for
finding the extremal points. However, in practice this will not be a drawback,
as one is nevertheless forced to settle for a certain floating point precision.
Assuming that the values a; we assign to the parameters 6; for h < i < k
are bounded, we may still assume that the binary representation of the linear
programs needed to find the extremal points is still polynomial in V. On the
other hand, Chazelle’s algorithm is strongly polynomial in N and will still run
in time O(20(oe(h) Ny,

But what is an upper bound on N? Our polytopes have vertices with coor-

dinate vectors (eq, .. ., ep, Zf:,H_l log(a;)e;). By projecting on the first h coor-
dinates, we see that each vertex must project onto a lattice point (eq,...,ep)
in Zgo such that e, ..., e, < n, where n is the degree of f. There are n* such

points. Moreover, at most two vertices of the polytope can project to the same
point in R". Therefore, N < 2n" and we have the following theorem:

Theorem 5.6 Let f be a polynomial of degree n in D wvariables, and suppose
that f has a sum-product decomposition into k steps with at most | additions
and | multiplications by a monomial per step. Also suppose that all but h of
f’s variables are specialized. Then the running time required to compute a V-
representation of the Newton polytope of f with all but h parameters specialized
is O(KINvy1(N)), where N = 2n" and vy (N) = O(20("oeh) ),

For the last part of our task, computing the normal fan Nyeys(s,) and the
regular subdivision it induces on the hyperplane —log(ept1) = —1, we remark
that the dominant part of the computation is in fact the computation of the
convex hull of Newt(f,). Again, if we consider h fixed, Chazelle’s algorithm
solves this in O(N [(h+1)/ 2]) time, where the constant of proportionality is ex-
ponential in A.

Theorem 5.7 Let f be a polynomial of degree n in D wvariables, and suppose
that f has a sum-product decomposition into k steps with at most | additions
and | multiplications by a monomial per step. Also suppose that all but h of
f’s variables are specialized. Then the running time required to compute all
extremal vertices of Newt(f,), together with their associated sets of parameter
vectors, is O(kINvy 1 (N) + NIFD/2D) where N = 20", 1,1 (N) = O(N)
and all constants of proportionality are exponentials in h.

Note: One crucial observation is that if one disregards the preprocessing
step of transforming a sum-product decomposition of f into a sum-product de-
composition of f,, the running time of our algorithm will generally not depend
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on the total number of parameters, but only on the number of unspecialized
parameters. This may prove a very useful feature when one is interested in the
dependence of explanations on only a small subset of the parameters.
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Polytope Propagation on Graphs
Michael Joswig

6.1 Introduction

Polytope propagation associated with hidden Markov models or, more gen-
erally, arbitrary tree models can be carried to a further level of abstraction.
This is instructive because this allows for a clearer view on the algorithmic
complexity issues involved. The simple observation which starts this game is
that a graphical model associated with a model graph G, which may or may
not be a tree, defines another directed graph, call it I'(G), which can roughly
be seen as a product of G with the state space of the model (considered as
a graph with an isolated node for each state). Polytope propagation actually
takes place on this product graph I'(G): at its nodes there are the polytopes
propagated while each arcs carries a vector which represents the multiplication
with a monomial in the parameters of the model. The purpose of this chap-
ter is to collect some information about what happens if I'(G) is replaced by
an arbitrary (acyclic) directed graph and to explain how this general form of
polytope propagation is implemented in polymake.

polymake is a software system designed for the study of convex polytopes.
Very many existing algorithms on polytopes are implemented. Additionally,
there is a large array of interfaces to other software packages. This integra-
tion via interfaces is entirely transparent to the user. This way it does not
make much of a difference whether a function is built into the system’s core or
whether it is actually realized by calling an external package. A key feature
of the polymake system is that polytopes (and a few other things) are seen
by the system as objects with a set of opaque functions which implement the
polytope’s properties known to the system. Calling such a function automat-
ically triggers the construction of a sequence of steps to produce information
about the desired property from the data which defines the polytope object.
In this way polymake behaves similar to an expert system for polytopes.

As far as the implementation is concerned, polymake is a Perl/C++ hy-
brid. Both languages can be used to extend the system’s functionality. The

188
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modular design allows for extensions by the user which are technically indis-
tinguishable from the built-in functions. The polytope propagation algorithm
is implemented in C++ and it is part of polymake’s current version 2.1 as the
client sum-product. The annotated full source code of this program is listed
below. Since it combines many of the system’s features, while it is still a fairly
short program, it should give a good idea how polymake can be extended in
other ways, too.

6.2 Polytopes from Directed Acyclic Graphs

Let I' be a finite directed graph with node set V and arcset A, andlet oo : A —
R? be some function. We assume that T’ does not have any directed cycles.
Clearly, I' has at least one source, that is, a node of in-degree zero, and also at
least one sink, that is, a node of out-degree zero.

Such a pair (T, @) inductively defines a convex polytope P, C R? at each
node v € V as follows: For each source ¢ € V let P, =0 ¢ R?. For all non-
source nodes v let P, be the joint convex hull of suitably translated polytopes,
more precisely,

P, = conv(P,, + a(uy,v),..., Py, + a(ug,v)),

where wuq, ..., u; are the predecessors of v, that is, (u1,v),..., (ug,v) € A are
the arcs of I pointing to v. This polytope P, is the polytope propagated by
(T', @) at v. Often we will be concerned with graphs which have only one sink s,
in which case we will write P(I', a) = Ps.

It is a key feature of polytope propagation that each vertex of a propagated
polytope corresponds to a (not necessarily unique) directed path from one of
the sinks.

Example 6.1 Let I' = (V, A) have a unique source ¢, and assume that there
is a function v : V' — R? with v(q) = 0 such that a(u,v) = v(v) — v(u). Then
the polytope P, at each node n is the point v(n) — v(q) = v(n).

If ' has exactly one source and exactly one sink we call it standard. The
following observation is immediate.

Proposition 6.2 Let I' be standard. Then the propagated polytope P(T, o) is
a single point if and only if there is a function v : V. — R with a(u,v) =
v(v) —v(u) for all arcs (u,v) of T.

The following example shows that propagated polytopes are not restricted
in any way.
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Example 6.3 Let z1,...,z, € R? be a finite set of points. We define a
directed graph with the n+2 nodes 0,1, ..., n+1 as follows: We have arcs from
0 to the nodes 1,2,...,n, and we have arcs from each of the nodes 1,2,...,n
to n + 1. Further we define «(0, k) = zj and a(k,n+1) =0, for 1 <k < n.
Clearly, 0 is the unique source, and the propagated polytope at the unique sink
n+2is conv(zy,. .., xy,).

Example 6.4 Let I' be a (standard) directed graph on the nodes 0,1,...,7
with arcs as shown in Figure 6.1. The node 0 is the unique source, and the
node 7 is the unique sink in I'. The black arrows indicate the lengths and the
directions of the vectors in R? associated with each arc: a(0,1) = a(1,3) =
a(3,5) = (1,0), a(1,4) = a(3,6) = (0,1), a(2,4) = a(4,6) = (0,2), and
the vectors on the remaining arcs are zero. The propagated polytope is the
pentagon

P(T, &) = conv((0,1),(0,4),(1,0),(1,3),(3,0)).

Note that, for instance, the point (2, 1) corresponding to the path 0 — 1 —
3 — 6 — 7 is contained in the interior.

. 5

D t
0
—’
NENEN
1 3 5

Fig. 6.1. Propagated pentagon in R2.

Remark 6.5 Suppose that p € K[mf, .. .,:EC:H is a Laurent polynomial, over

some field K, which is given as a sequence of sums and products with a mono-
mial, starting from the trivial monomial 1. Then the computation of the New-
ton polytope of p can be paralleled to the computation of p itself by means
of polytope propagation. The nodes of the corresponding graph correspond to
the Newton polytopes of Laurent polynomials which arise as sub-expressions.
For instance, Figure 6.1 can be interpreted as the computation of the Newton
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polytope of p = = + 2% + xy + 29® + 2%y + y + y?> + y*. Denoting by p(i)
the polynomial associated with node i, we have p(0) = p(2) = 1, p(2) = =,
p(3) = 1+2%, p(4) = zy+y°, p(5) = x+2° +xy+y®, p(6) = *y+ay® +y+y*,
and p(7) = p. Note that, since we keep adding polynomials with non-negative
coefficients, cancellation does not occur.

Example 6.6 A zonotope Z is the Minkowski sum of k line segments [p;, ¢;] C
R? or, equivalently, an affine projection of the regular k-cube. Each zonotope
can be obtained by polytope propagation as follows: Take the vertex edge
graph T, of the regular cube [0, 1]* and direct its edges according to the linear
objective function Y x;. Let a(z,z + e;) = ¢; — p; for each arc (z,z + ¢;),
where x and z + e; are neighboring vertices of [0, 1]*. Like in Example 6.1 the
propagated polytope at each node of T'y, is a point. Now construct a (standard)
directed graph I'; from I'y by adding one additional node oo and arcs, with
the zero vector associated, from each node of I'y, to oco. Up to a translation by
the vector ) p; the propagated polytope at oo is the zonotope Z. Figure 6.2
shows the construction of a centrally symmetric hexagon.

([ ] ([ ]
-

t /‘ t

[ ] [
-

Fig. 6.2. Zonotope with three zones (here corresponding to the three parallel classes
of solid arcs) in R? as propagated polytope. The arcs of the graph I'j which are not
arcs of I's are dashed; see Example 6.6.

Theorem 6.7 Let I' be a standard directed acyclic graph. Then the vertices
of the polytope propagated by I' can be computed in time which is polynomially
bounded in the size of T'.
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Proof Let s be the unique sink of I'. By induction we can assume that the
vertices of the polytopes propagated to the nodes which have an arc to s can
be computed in polynomial time. In particular, their total number is bounded
by a polynomial in the size of I.

If P = conv{zy,...,z,} is a polytope in R? then a point z is a vertex
if and only if it can be separated from 1, ..., kx_1, Tk+1, ..., T, by an affine
hyperplane. The linear optimization problem:

maximize € subject to
Aoy A ER, € >0,
d

Z/\j;pij < X\o — ¢, for each 7 # k, (6.1)
j=1

d
Z AjTp; > Ao+ €
j=1

has a solution with € > 0 if and only if z; is a vertex of P. Since linear optimiza-
tion is solvable in polynomial time, see [Hacijan, 1979, Grotschel et al., 1993],
the claim follows. |

The above rough estimation of the complexity of polytope propagation is
slightly incomplete. The linear optimization problem 6.1 can be solved in O(n)
time if d is fixed, see [Megiddo, 1984], and hence finding all the vertices of P =
conv{zy,...,r,} takes O(n?) time in fixed dimension. Moreover, computing
convex hulls in R? or R? only takes at most O(nlogn) time, see [Seidel, 2004].
Hence computing convex hulls directly is superior to the approach described
above, for the special case of d < 3.

6.3 Specialization to Hidden Markov Models

We consider a finite Markov process with [ states and transition matrix ¢ =
(0;;) € R satisfying the conditions 6j; > 0 and Y_;6;; = 1. The value
ng is the transition probability of going from state ¢ into state j. In the
hidden Markov model we additionally take into account that the observation
itself may be a probabilistic function of the state. That is to say, there are I’
possible observations (where I’ may even be different from ) and a non-negative
matrix 0" = (6};) € R satisfying >_; 0 = 1. The entry 6;; expresses the
probability that 7 has been observed provided that the actual state was 7. In
the following we will be concerned with parameterized hidden Markov models

as in Chapter 1.

Example 6.8 The simplest possible (non-trivial) HMM occurs for [ =" = 2
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and 0/ = (g‘:l)g g‘:ﬁ), 0" = (g‘:l):g g‘%) If, for instance, we observe our primary
process for three steps, the sequence of observations is some bit-string 3y (102 €
{0,1}3. There are eight possible sequences of states which may have led to this
observation. As in Chapter 1 we assume that the initial state of the primary
process attains both states with equal probability % Then we have that

Prob[Yy = (o, Y1 = (1, Ye = Z 90001 0102 croﬁo g151 gzﬁz
0'6{0 1}3

Now let us have a look at the parameterized model, where —for the sake of
simplicity— we assume that § = 6" = (% U) is symmetric. Since otherwise
our primary process would be stationary, we can additionally assume v # 0.
Neglecting the probabilistic constraints and re-scaling then allows to study the
parameterized HMM of

/ " z 1 2%2
pr— pr— R .
n=mn (1 y> € Rlz, y]

The probability to make the specific observation 011 in the parameterized
model yields

1
Prob[Yy =0,Y; =1,Y5 = 1] :5(:133—1—:132y+:13y—|—:13y3—I—:E+y—|-y2—|-y4),

which happens to be the polynomial p in Remark 6.5 (up to the constant factor
%), and whose Newton polytope is the pentagon in Figure 6.1.

The fixed observation (3 ---f, of a hidden Markov model § = (¢',0") for
n steps gives rise to the standardized acyclic directed graph I'y with node set
[n] x [[JU{—00, 400} as follows: There is an arc from —oo to all nodes (1, j), and
there is an arc from (n, j) to +o0o for all j € [l]; further, there is an arc between
(i,7) and (i + 1, k) for any i, j, k. The directed paths from the unique source
—oo to the unique sink +oo directly correspond to the [™ possible sequences
of states of the primary process that may or may not have led to the given
observation f3; - - - 3. Such a path passes through the node (¢, j) if and only if
the i-th primary state X; has been j.

The probability that X;—1 = jand X; = k under the condition that Y; = ; is
the monomial 0’ g € RO, 05,001, ..., 0], We associate its (integral)
exponent vector Wlth the arc (i — 1,75) — (z k). Likewise, we associate the
exponent vector of f) 5 with the arc —oo — (0, k) and 0 to all arcs (I —1,k) —
+00.

The graph I'y gives rise to a propagated polytope whose vertices correspond
to most likely explanations for the observation made for some choice of param-
eters.
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This schema can be modified by specializing some of the parameters as in
Example 6.8. The associated graph is given as Example 6.4, and its propagated
polytope is the Newton polytope of the polynomial p(7) in Remark 6.5, a
pentagon.

In our scheme of polytope propagation we chose to restrict the information
on the arcs to be single points (which are 0-dimensional polytopes). For this
reason we chose our parametric HMM to have monomials for the transition
probabilities. It is conceivable (but not implemented in polymake) to allow for
arbitrary polynomials for the transition probabilities. This would then require
to iteratively compute Minkowski sums of higher dimensional polytopes. For
Minkowski sum algorithms for general polytopes see [Fukuda, 2004].

6.4 An Implementation in polymake

We give a complete listing of the program sum_product, which implements
the algorithm described. In order to increase the legibility the code has been
re-arranged and shortened slightly.

6.4.1 Main Program and the polymake Template Library

The main program sets up the communication with the polymake server for
the polytope object p, which is contains the propagation graph I' and the
function «. The graph I' is assumed to be standard, and the polytope object
p corresponds to the propagated polytope P(I", ). The class Poly is derived
from iostream. The actual function which does the job is sum_product in the
namespace polymake: :polytope.

using namespace polymake;

int main(int argc, char *argv[]) {
if (arge '= 2) {

cerr << "usage: " << argv[0] << " <file>" << endl;
return 1;

}

try {

Poly p(argv[1], ios::in | ios::out);
polytope: :sum_product (p) ;

catch (const std::exception& e) {
cerr << e.what() << endl;
return 1;

}

return O;
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The polymake system comprises a rich template library which complies with
the Standard Template Library (STL). This includes a variety of container
template classes, such as Array (which is a variation of STL’s vector class)
and template classes for doing linear algebra, such as Vector and Matrix.
Additionally, there are several classes which special functionality useful in al-
gorithmic polytope theory, for example, Graph and IncidenceMatrix.

A common feature of polymake’s container classes is a memory management
based on reference counting (with copy-on-write). Hence copying a non-altered
Array, for example, costs next to nothing. Further all these classes provide a
range of features useful for debugging. The reader is referred to the polymake’s
documentation for a detailed description.

The arithmetic operations use exact representations of rational numbers.
Our class Rational wraps the corresponding implementation from the GNU
Multiprecision Library.

The rest of this section lists the function sum_product in the namespace
polymake: :polytope.

namespace polymake { namespace polytope { ... } }

6.4.2 The core of the implementation

The graph that the client reads already comes with a (translation) vector
specified for each edge. This is the second template parameter. The first
template parameter is set to an artificial type nothing which means that do
not have any data at the nodes The third template parameter (again some
artificial type) indicates that our graph is directed. We assume that the graph
is acyclic with a unique sink. Arbitrarily many sources are allowed.

typedef Graph< nothing, Vector<Rational>, directed > graph;

We now start to describe the actual polytope propagation algorithm. It
operates on a single Poly object from which the SUM_PRODUCT_GRAPH is read.
It writes the VERTICES and VERTEX_NORMALS of the polytope corresponding to
the unique sink in the graph.

void sum_product(Poly& p) { ... }

Read the graph and the dimension of the ambient space. The member func-
tion give () of the Poly class induces the polymake server to deliver the named
property of the object p; if necessary the server triggers further computations,
as defined by an extensible set of rules, to answer the request made. There is
a reciprocal function take() to be used further below.

const graph G=p.give ("SUM_PRODUCT_GRAPH") ;
const int n(G.nodes());
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if (n==0)
throw std::runtime_error ("SUM_PRODUCT_GRAPH must be non-empty");

const int d=p.give("AMBIENT_DIM");

Below is given the description of the origin as a 0-dimensional polytope
(living in d-space). It has one vertex and en empty vertex-facet incidence
matrix. This is used to define the initial objects of type Poly for the sources
of the graph.

const Matrix<Rational> single_point_vertices(vector2row(
unit_vector<Rational>(d+1,0)));

const IncidenceMatrix<> single_point_vif;

The following defines an array where all the intermediate polytopes are
stored. The nodes in the graph are consecutively numbered, starting with
0. The corresponding polytope can be accessed by indexing the array pa with
the node number. In the beginning the Poly objects are undefined.

Array<Poly> pa(n);
std::1list<int> next_nodes;

Initialize by assigning a single point (origin) to each source in the graph.

for (int v=0; v<n; ++v) {
if (G.in_degree(v)==0) {
palv].init(0, ios::in | ios::out | ios::trunc,
"RationalPolytope");
palv].take("VERTICES") << single_point_vertices;
palv].take ("VERTICES_IN_FACETS") << single_point_vif;
add_next_generation(next_nodes,v,G,pa);

}

At each node of the graph recursively define a polytope as the convex hull
of the translated predecessors. We also try to find the sink on the way.

int sink=-1;

The number —1 does not correspond to any valid node number; it indicates
that no sink has been found yet.

while(!'next_nodes.empty()) {

Get some node w for which we already know all its predecessors. Initialize
the client-server communication for that node’s polytope. Until now it was
undefined.

const int w=next_nodes.front(); next_nodes.pop_front();
palw] .init (0, ios::in | ios::out, "RationalPolytope");
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The polytope will be specified as the convex hull of points, which will be
collected from other polytopes. The special data type ListMatrix is efficient in
terms of concatenating rows (which correspond to points) but it is not efficient
in terms of matrix operations (although all operations are defined). This is
acceptable, since we do not compute anything in this step. The C++ operator
/ takes care of the concatenation of compatible matrix blocks on top of one
another.

ListMatrix< Vector<Rational> > points(0,d+1);
for (Entire<graph::in_edge_list>::const_iterator
e=entire(G.in_edges(w)); !e.at_end(); ++e) {

The node v is the current predecessor to process. The arc from v to w is e.
The operator * extracts the associated vector from an arc.

const int v=e.from_node();
const Vector<Rational> vec=xe;

Next we read the vertices of the predecessor polytope. polymake’s rule
basis by default uses cdd’s implementation to check for redundant (= non-
vertex) points among the input by solving linear programs. No convex hull
computation is necessary. What is going on behind the scene is hidden from
the user. The polymake server decides how to produce the VERTICES of the
polytope object palv]. Note that this is the same behavior as if polymake
would asked for these vertices via the command line interface.

const Matrix<Rational> these_vertices=pal[v].give("VERTICES");

Now concatenate the translated matrix (where the rows correspond to the
vertices of the predecessor) to what we already have. The final } closes the
for-loop through all the predecessors of w.

points /= these_vertices*translation_by(vec);

}

Define the polytope object as the convex hull of all those points collected
and proceed.

palw] .take("POINTS") << points;
if (G.out_degree(w)==0) sink=w;
else add_next_generation(next_nodes,w,G,pa);

}

This will be just any sink; it is indeterministic if the graph does have several
sinks.

if (sink<0)
throw std::runtime_error("no sink found in digraph");
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The sink defines the polytope we are after and this is going to be defined
as the polytope object p. The vertex normals serve as certificates that the
claimed points are indeed vertices.

const Matrix<Rational>
sink_vertices = palsink].give("VERTICES"),
sink_normals = palsink].give("VERTEX_NORMALS");

p-take ("VERTICES") << sink_vertices;
p.take ("VERTEX_NORMALS") << sink_normals;
}

6.4.3 Two auxiliary functions

The first one gathers the next generation of graph nodes which can be defined
at that stage, since all predecessors known. It is one step in a common breadth
first search. The graph nodes which can be processed (because all their pre-
decessors are known) are stored in a doubly linked list, that is STL’s type
list.

void add_next_generation(std::1ist<int>& next_nodes, const int v,
const graph& G, const Array<Poly>& pa)

{
for (Entire<graph::out_edge_list>::const_iterator
e=entire(G.out_edges(v)); l!e.at_end(); ++e) {
const int x=e.to_node();
Entire<graph::in_edge_list>::const_iterator
f=entire(G.in_edges(x));
for( ; !f.at_end() &% palf.from_node()].get_mode(); ++f);
if (f.at_end())
next_nodes.push_back(x);
}
}

The following function returns a translation matrix (to be applied to row
vectors from the right) for given vector. The C++ operators | and / are
overloaded for the Matrix class: They define the concatenation of two matrix
blocks side by side and one on top of the other, respectively.

Matrix<Rational> translation_by(const Vector<Rational>& vec)
{
const int d=vec.dim();
return unit_vector<Rational>(d+1,0)
(vec / unit_matrix<Rational>(d));
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6.5 Returning to Our Example

There is another standard client program binary-markov-graph which pro-
duces the polytope propagation graphs for the special HMM discussed in Ex-
ample 6.8. It can be called from the command line as follows:

> binary-markov-graph bO11l.poly 011

Here the argument 011 specifies the observation. The command yields a file
b011.poly which contains a description of the polytope propagation suitable
as input for the sum_product client.

> sum_product bO1l1l.poly

This defines a polytope object, which is accessible to all of polymake’s func-
tions. For example, this is how to list all the vertices of the propagated poly-
tope. Each row corresponds to a vertex of our pentagon (first column used for
homogenization of the coordinates).

> polymake b011.poly VERTICES
VERTICES

130

10

01

13

1
1
1
104
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Parametric Sequence Alignment
Colin Dewey
Kevin Woods

The alignment of DNA and protein sequences is one of the most fundamen-
tal problems in computational biology. Section 2.2 introduced some scoring
schemes and algorithms used for global alignment of two biological sequences.
Fach scoring scheme is dependent on a set of parameters, and, as Example 2.14
showed, the optimal alignment can change significantly as these parameters
are varied. Users of alignment algorithms would like to know how their results
are affected by the values of the parameters and how confident they can be
in a given optimal alignment. Such questions are answered using parametric
sequence alignment methods. In this chapter, the techniques of parametric
sequence alignment are introduced and later applied to characterize a couple
of simple scoring schemes. As parametric alignment algorithms can be im-
plemented almost as efficiently as algorithms for normal sequence alignment,
parametric sequence alignment methods are powerful and important compo-
nents of the computational biologist’s toolbox.

7.1 Few alignments are optimal

The primary goal of biological sequence alignment is to match up positions in
the input sequences that are homologous. Two sequence positions are homol-
ogous if the characters at those positions are derived from the same position
in some ancestral sequence. It is important to note that two positions can be
homologous even though the states of the positions are different. For example,
position 5 in ¢! and position 9 in ¢? may be homologous despite the fact that
of = A and 03 = C. Alignments indicate that positions in two sequences are
homologous by matching up the characters at those positions. An alignment
is biologically correct if it matches up all positions that are truly homologous
and no others. Because this chapter focuses on the global alignment problem
for two sequences, we will ignore cases in which a duplication event causes one
position to be homologous to multiple positions in the other sequence.

200
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What does it mean for a global alignment to be “optimal”? If our goal is to
discover the biological truth, we should say that an “optimal” global alignment
is one that is biologically correct. Having biologically correct alignments is
critical because other analyses, such as phylogenetic tree construction, are
heavily dependent on sequence alignments. Unfortunately, in most cases, we
do not know what the biological truth is. We must therefore use a scoring
scheme to rank the alignments and take the highest-ranking alignment as our
best guess of the truth. Which scoring scheme should we use to make such a
guess? Once we have chosen our parameter values, how confident can we be
that the resulting alignment is a good guess? It could be the case that, if we
vary our chosen parameter values just slightly, we will obtain very different
alignments. Even worse, it could be that no values for the parameters of our
chosen scoring scheme will give the biologically correct alignment as being
optimal.

The methods of parametric sequence alignment help to answer these ques-
tions, for specific input sequences, by analyzing a scoring scheme over all pos-
sible parameter values. Specifically, parametric sequence alignment subdivides
the parameter space into regions such that parameter values in the same region
give rise to the same optimal alignments. Such a subdivision tells us which of
the exponentially-many possible alignments can be optimal for some choice of
parameter values and how many classes of optimal alignments there can be.
In addition, if we find that the point in the parameter space corresponding
to our current choice of values for the parameters is close to the boundary of
a region in the subdivision, we may be less confident in our results. This is
because varying the parameter values slightly is likely to move the point to
a different region in the subdivision and thus produce different optimal align-
ments. Lastly, we may wish to take a Bayesian approach and place a prior
distribution on the parameters. In this case, we can determine what the most
likely optimal alignments are by integrating over the different regions in the
subdivision (note that this is different from finding the most likely alignment)
[Pachter and Sturmfels, 2004b].

Parametric sequence alignment is feasible, because, although two given se-
quences have exponentially-many possible alignments, there are only a few
subsets of these alignments (corresponding to regions of the parameter space
subdivision) that can be optimal for some choice of parameters. For two se-
quences of length at most n, it has been shown that for a simple scoring scheme
with 2 parameters allowed to vary, the number of regions in the subdivision is
O(n%) [Gusfield et al., 1994]. This bound corresponds exactly with the bound
given in Section 5.3 for the number of vertices of a sequence alignment Newton
polytope with d = 2. In fact, for a scoring scheme with any number of param-
eters, the number of regions is bounded by a polynomial in n (see Section 5.3).
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The bound on the number of regions in the subdivision allows for the subdivi-
sion to be determined in just slightly more time than it takes to simply align
the sequences in question. For the simple scoring scheme just mentioned, the
subdivision can be found in O(n%) time, as opposed to O(n?) time for aligning
the sequences with a fixed set of parameter values.

The concept of parametric sequence alignment is not a new one, and there
are several programs available to perform parametric analysis [Gusfield, 1997].
Existing methods are restricted to the analysis of scoring schemes with at
most 2 parameters allowed to vary at one time, whereas we may also like to
analyze scoring schemes that have many parameters, such as the general 33-
parameter scoring scheme described in Section 2.2. In this chapter, we apply
the techniques of parametric inference described in Chapter 5 to the problem
of sequence alignment and thus give a general method for parametric sequence
analysis with scoring schemes involving any number of parameters.

7.2 Polytope propagation for alignments

In this section, we will describe how to efficiently compute a parametric se-

I and o2, with lengths n and m, re-

quence alignment of two sequences, o
spectively. While the method we describe can be used to analyze a fully-
parameterized scoring scheme (with the 33 parameters comprising the matrices
shown in Equations 2.11 and 2.12), we will concentrate on a simple 4-parameter
scoring scheme, with parameters M, X, S, and G, corresponding to the weights
for matches, mismatches, spaces (- symbols in the alignment), and gaps (con-
tiguous sets of spaces), respectively. This scoring scheme is just a special case

of the general scoring scheme with

Wee = M VrekX

Wrymg = X Vmy,mo € X, m #
Wr—=W_rg = S Vmel
/ o o Y _
Wy =Wygp=Wrp=Wpr = G
/ _ / _ / _ / _ / —
Wyyg=Wyg=wpyg=wry=wpp = 0

An even simpler scoring scheme, which we will refer to as the 3-parameter scor-
ing scheme, has G = 0. We shall present a method for parametric alignment
with the 3-parameter scoring scheme, but it should be noted that this method
easily generalizes to the 4-parameter and 33-parameter scoring schemes.
With the 3-parameter scoring scheme, the weight of an alignment, h, is

W01702(h) = Mmyp + Xap + Ssy, (7.1)

where my,, xp, and s; denote the number of matches, mismatches, and spaces
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in h, respectively. We define the monomial

for o2 = 03030 (7.2)
and the polynomial
fcrl,cr2 = Z fo‘l,crz,h' (73)
heAn,m

The weight, W (h), is simply log f017027h(eM, e, e”). As we saw in Section 2.2,
finding the alignment, i, that minimizes W (h) is equivalent to evaluating f,1
tropically. Following with tradition, we will choose to maximize W (h) in this
chapter, but these are equivalent problems.

The parametric alignment problem for this scoring scheme, then, is to com-
pute which values of M, X, and S result in which optimal alignments. The
key object in our parametric alignment of ¢! and o2 is the Newton polytope
of the polynomial f;1 ;2. The Newton polytope of f,1 ;2 is the convex hull of
all points (my, z, sp), for h € A, . Recall from Section 2.3 that each vertex
of NP(f,1 ,2) corresponds to an alignment (or set of alignments, all having the
same number of matches, mismatches, and spaces) that will be optimal for a
certain set of values for the parameters, M, X, and S. For a vertex, v, of
NP(f,1 52), the set of parameters for which the alignments corresponding to v
are all optimal is given by its normal cone N (v). The normal fan of the Newton
polytope, N (NP(f,1 ,2)) is thus a subdivision of the parameter space with the
property that, for all parameter values in the same region (normal cone), the
same alignments are optimal. This subdivision is exactly the desired output
of parametric sequence alignment.

Having shown that the Newton polytope of f,1 ;2 and its corresponding
normal fan solve the parametric alignment problem, we now turn to how to
compute these objects efficiently using the polytope propagation algorithm of
Chapter 5. First, however, we make two remarks that will make our presenta-
tion cleaner.

Remark 7.1 For an alignment, h, of o' and o2, we must have that 2my, +
2z + s, =n+m.

Proof Recall from Section 2.2 that h is a string over the alphabet {H, I, D}.
Matches and mismatches correspond to H characters in the alignment, while
spaces correspond to I and D characters. The remark follows from combining
the equalities in Equation 2.7. O

Remark 7.2 Any 3-parameter scoring scheme (M, X, .S) is equivalent to an-
other scoring scheme (M, X', S'), where M’ = 0, X' = X —M, and S’ = S— 2.
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Proof Using Remark 7.1, we have that

M
W'(h) = M'mp, + X'zp + 8'sp, = W(h) — 7(n+m) =W(h)-C,
where C' = %(n + m) is a constant with respect to the alignment h. Since all
scores are shifted by the same constant, the rankings of possible alignments
under the two scoring schemes are the same. O

Having made this remark, we now assume that M = 0 for the remainder of
this section. With this specialization (and setting fy; = e = 1), we have

X S
frroe= Y 0202,

heAn,m

and our Newton polytope and normal fan will be two-dimensional.

Let us briefly recall the Needleman-Wunsch algorithm, which, given specific
parameter values X and S and sequences o' and o2, computes the optimal
global alignment. Let 0! = o{od -0} and 0? = 0203 ---02,. For 0 <i < n,

define
1 _ 1.1 1
O<j = 01090y,

and similarly define aij to be the first j characters in o2. Define M[i, j] to
< Z; We would like to find
M([n,m], and we do this recursively as follows. For characters m; and my in

be the score of the optimal alignment of oL, and o2

Y, define w(my, m2) to be 0 if 1 = my and X if m; # me. For the base cases
of the recursion, we have that M[i,0] = ¢ - S and M]0,j] = j- S (since the
only alignments have i spaces and j spaces, respectively). Then we recursively
apply the formula

M[Z - 17j - 1] +w(0-i170-]2')
MTJi,j]=max ¢ M[i—1,j]+ S (7.4)

Mli,j—1]+ 8

forl<i<nand1l<j<m.

Example 7.3 Suppose that o' = CAA and 02 = AAC, and we have parameter
values M = 0, X = —2, and S = —3. Then Figure 7.1 shows M|i, j] for

M with

0 < 4,7 < 3. In particular, the optimal alignment for o' and ¢? is e

score M[3,3] = —4.

In the recursive formula for the Needleman-Wunsch algorithm, we use two
operations, max and +. In other words, the recursion takes place in the
(max, +) algebra (which is equivalent to the tropical algebra). The polytope
propagation algorithm is the exact same recursion, but in the polytope algebra
(Section 2.3), where addition is the convex hull of the union of two polytopes
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A A C
0[-3|-6|-9
3|-2|-5]-6

A
6|-3|-2]-5
9|-6|3|-4

Fig. 7.1. Matrix showing M|[i, j] with M =0, X = —2, and S = —3.

and multiplication is the Minkowski sum of two polytopes. To be precise, let
Pli, j] be the Newton polytope for aligning the two strings o1, and o2 ;» and
define v(7y,m2) to be {(1,0)} (the Newton polytope of the monomial %) if
m # m and {(0,0)} if my = m. Then, if @ is the Minkowski sum operation,
we have the recursion

Pli—1,j -1 &v(of,03) U
Pli,jl=conv | Pli—1,7]®{(0,1)} U (7.5)
Pli,j—1]&{(0,1)}

for 1 <i<nand1<j<m. Compare this to (7.4). We must also describe
the base cases for the recursion: P[i,0] = {(0,%)}, because the only possible
alignment has 0 mismatches and ¢ spaces, and similarly P[0, ] = {(0,7)}.
This recursion is exactly the polytope propagation algorithm run on a directed
acyclic graph (Chapter 6), namely, the alignment graph G, ,, (Section 2.2).

Example 7.4 Using the same sequences as in Example 7.3, Figure 7.2 shows
PJi, j] for 0 < i,7 < 3, including an illustration of how to determine P[3, 3]
from P[2,2], P[2,3], and P[3,2]. Table 7.1 lists, for each vertex of the polytope
PJ[3, 3], an optimal alignment corresponding to that vertex, and the parameter
values for which this alignment is optimal (these parameters are obtained by
taking the normal fan of P[3, 3]). Note that (0,6) and (2, 2) do not correspond
to biologically reasonable parameters, because their corresponding alignments
are optimal for S > 0= M.

As we noted before, the parametric alignment method we have described
generalizes to scoring schemes of any number of parameters by translating the
extended Needleman-Wunsch algorithm to the polytope algebra. The algo-
rithm presented runs efficiently for small numbers of parameters. It runs in
O(n%) and O(n%) time for the 3 and 4-parameter scoring schemes, respec-
tively (Section 5.3). For a large number of parameters, however, the algorithm
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A A C

-
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v
Al
4
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Fig. 7.2. P[i,j] for 0 <4,j < 3.

is quite computationally expensive, as the convex hull operation is much more
costly in higher dimensions. In practice, for scoring schemes with many pa-
rameters, one would fix all but a few of the parameters using the methods
outlined in Section 5.4. If one is only concerned with computing the normal
cone containing given parameter values, this can also be done efficiently by
simply keeping track of the relevant vertices of the Newton polytope.

7.3 Retrieving alignments from polytope vertices

Parametric alignment is made feasible by the fact that the number of vertices
of the Newton polytope is fairly small. In fact, for the 3-parameter scoring
scheme, the number of vertices is bounded by

2
constant - n3,

a polynomial in n, where n is the length of the longer of the two sequences
(see Section 5.3). The total number of possible alignments, in contrast, is
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vertex alignment  parameter values

(2,0) o S<0and S <X
02 S X<8<0
(06) M S>0ands>ix
22) o 0<S<1ix

Table 7.1. Vertices of P[3,3], a corresponding optimal alignment, and the
parameter values for which it is optimal.

exponential in n (see Proposition 2.9), which becomes unmanageable for large
n.

However, the bound on the number of vertices of the Newton polytope does
not imply a bound on the number of actual optimal alignments that each
vertex may correspond to. Is this number also small, that is, bounded by a
polynomial in n?

Unfortunately, in our 3-parameter scoring scheme, this is easily seen not to
be the case.

Example 7.5 Assuming that M > S (a natural assumption), the optimal
alignments of

CC---CC and C---C
N—_—— ——

2n n

would look like

CCCcccce
-CC--C-C

and there are (27?) of these, which is exponential in n.

One would hope that a more robust scoring scheme would not have this
problem. For example, let us look at the 4-parameter scoring scheme discussed
at the beginning of Section 7.2. Further, we will restrict our attention to
“biologically reasonable” parameter values. A good first approximation of this
is to require M > S, M > X, and G < 0. Note that if we do not restrict
our attention to biologically reasonable parameter values, then it is easy to get
exponentially-many optimal alignments. For example, if G = 0, then we are
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reduced to the 3-parameter scoring scheme, and Example 7.5 shows sequences
with (27?) optimal alignments.

Small experiments do lead one to believe that, if the parameters are biologi-
cally reasonable, then there are not “too many” optimal alignments. Unfortu-
nately, for each such choice of parameters, there are sequences with exponen-

tially many optimal alignments.

Proposition 7.6 Given parameters M, X, G, and S such that M > X, M >
S, and G < 0, choose any k € Z such that
-G

k> M — max{X, S}

For a given m € Z., define the sequences o' and o of lengths 4km and 3km,

respectively, as follows: o' is

AA---AACC---CC
N———
2k 2k

repeated m times, and o2 is

SN——
2k k
also repeated m times.

Then there are exactly (k+ 1)™ optimal alignments, which is exponential in
the lengths of o' and o2.

Proof The obvious choice for optimal alignments are ones like

AAAACCCCAAAACCCCAAAACCCC
AAAACC--AAAAC--CAAAA--CC

(in this example, k¥ = 2 and m = 3) with all of the A’s aligned and with one
gap in each block of C’s in 0. Since there are m blocks of C’s and k+ 1 choices
of where to place the gap in each block, there are (k+ 1) of these alignments.
Let O denote the set of such alignments. We must prove that there are no
alignments better than those in O.

Note that these alignments have the greatest possible number of matches
(3km) and the least possible number of mismatches (zero). Therefore, the
only way to improve the alignment is to have fewer gaps. Suppose we have
a new alignment, h, with a better score than those in O. We will divide the
alignment scores into 2 parts:

(i) score from gaps in 2, and

(ii) score from gaps in ¢!, and from matches and mismatches in the align-

ment.
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Let n be the number of gaps in h appearing in o2 (there may also be gaps
in o!). Then n < m, because having fewer gaps is the only way to improve on
the score of the alignments in O. Part 1 of the score is increased by at most

(m —n)(=G),

since the alignments in O have m gaps and km spaces, and h has n gaps and
at least km spaces in o2.

To see how much part 2 of the score is decreased by changing from an
alignment in O to the alignment h, we partition o into m + 1 blocks

m—1

A---A A---AC---CA---A ‘ ‘ A---AC---CA---A A---AC.-.C.
—— S N N~ N N N~ —— ——
k k k k k k k k k

Ignoring the first block, we concentrate on the last m blocks. In the align-
ment h, at least m — n of these blocks have no gaps inside them. No matter
what part of ¢! is aligned to one of these blocks, there must be at least k total
of mismatches or spaces (each placed at the expense of a match); for example,

AACCCC AACC-- AA--AA
AACCAA AACCAA AACCAA

are possibilities. Then part 2 of the score must be decreased by at least
(m —n) - k(M — max{X, S})

by changing from an alignment in O to the alignment h.
Since we have assumed that the alignment h has a better score, we combine
parts 1 and 2 of the score and have that

(m —n)(=G) — (m —n)k(M — max{X,S}) > 0.
But then

-G
k< ,
~ M —max{X,S}
contradicting our choice of k. Therefore, the alignments in O must have been
optimal (and, in fact, must have been the only optimal alignments), and the
proof follows. 1

A few comments are in order. Sequences with exponentially many alignments
might often appear in reality. The key condition yielding this exponential
behavior is that there are large regions that are well aligned (the blocks of A’s)
interspersed with regions with more than one optimal alignment (the blocks
of C’s). In situations like this, however, there is some consolation: consensus
alignment would work very well (in the example, the consensus alignment
would have all of the A’s aligned perfectly).
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7.4 Achieving biological correctness

The scoring schemes that we have discussed thus far attempt to produce bi-
ologically correct alignments by modeling the evolutionary events undergone
by biological sequences. The 3-parameter scoring scheme introduced in Sec-
tion 7.2 models evolution by simply assigning weights to the events of mutation,
deletion, and insertion. The hope is that a suitable choice of values for the
parameters of this scoring scheme will lead to biologically correct alignments.
In this section, we explore the capability of the 3-parameter scoring scheme
to produce correct alignments. Through the use of the parametric inference
machinery that we have discussed, we may characterize the optimal alignments
determined by this scoring scheme over the entire parameter space.

As in Section 7.3, we restrict ourselves to biologically reasonable parameters
(M > X and M > S). As the following remark shows, parameters that are
not biologically reasonable are not worth considering.

Remark 7.7 For the 3-parameter scoring scheme with parameter values
(M, X,S) = (2a,2a, a), for a € R, all possible alignments of two sequences,
o' and o2, are optimal.

Proof With this scoring scheme, we have that

W01702(h) = 2a(mp+ zp) + asp
= a2mp + 2xp + sp)

= a(n+m),

where in the second step we have used Remark 7.1. Note that this weight
is independent of the specific alignment h. Under this scoring scheme all
alignments receive the same weight and are thus all considered to be optimal.

O

Given any two biological sequences, can the correct alignment be obtained
using biologically reasonable parameters? The hope is that the answer to this
question is “yes”, but, unfortunately, for the 3-parameter scoring scheme, this
is not the case.

Theorem 7.8 There exist two biological sequences, o' and o2, such that the
biologically correct alignment of these sequences is not optimal for any choice of
biologically reasonable parameter values under the 3-parameter scoring scheme.

Proof The first coding exon of the human gene UBE1DC1, which codes for
a ubiquitin-activating enzyme, is particularly hard to align to its ortholog
in the Takifugu rubripes genome. This exon is found in the human genome
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(NCBI assembly build 35) on chromosome 3 at bases 133,862,080-133,862,238.
The corresponding exon in the Takifugu rubripes genome is found at bases
151,556,461-151,556,622 of the chrUn sequence (as constructed from unordered
scaffolds of the JGI v3.0 assembly by the UCSC Genome Browser, found at
genome.ucsc.edu).

Here we consider the problem of aligning just the first 57 bases of the human
exon to the first 54 bases of the fugu exon. The sequences of the prefixes of
the two exons are shown below in a hand-made alignment guided by the amino
acid sequences coded for by these exons.

HUMAN AA M A E S VEURTULGQAQRVYVQETLTET REL
HUMAN DNA ATGGCGGAGTCTGTGGAGCGCCTGCAGCAGCGGGTCCAGGAGCTGGAGCGGGAACTT
FUGUAA M A - T V EETLTZ KT LR RVU RETLTETNTEL
FUGU DNA ATGGCG---ACAGTCGAGGAACTGAAGCTGCGGGTGCGAGAATTAGAGAATGAATTA

REGION 111111222222333333333333333333333333333333333333333333333

Based on the amino acid sequence, it is clear that regions 1 and 3 are aligned
correctly in this hand-made alignment. The alignment of region 2 is somewhat
less clear, although it is likely that the codon coding for S is homologous to the
codon coding for T, as is suggested by this alignment. Since it is unclear what
the correct alignment of region 2 is, we consider the problem of aligning the
two sequences with the first 9 bases of the fugu exon removed. The biologically
correct alignment should be

HUMAN AA M A E S VERULQQ RV Q ELET REL
HUMAN DNA ATGGCGGAGTCTGTGGAGCGCCTGCAGCAGCGGGTCCAGGAGCTGGAGCGGGAACTT
FUOGUAA - - - - VEETLZ XTULRV® RETLTENTEL
FUGU DNA ———————————— GTCGAGGAACTGAAGCTGCGGGTGCGAGAATTAGAGAATGAATTA

DNA MATCHES Kk kkk  kkk Rk kkkkkk ok Rk ok kkk kKK kK

We now show that the 3-parameter scoring scheme does not yield the correct
alignment for any biologically reasonable parameter values.

The correct alignment has 28 matches, 17 mismatches, and 12 spaces. Run-
ning the parametric alignment algorithm (as described in Section 7.2) with
these sequences as input (and without M fixed to zero), we obtain a 2-
dimensional polygon in 3-space with vertices shown in Table 7.2.

The optimal alignments correspond to vertices of this polytope or points on
its boundary whose coordinates are integers. None of the vertices correspond
to an alignment with 28 matches, 17 mismatches, and 12 spaces. However, the
point (28, 17, 12) does lie on the edge between vertices 4 and 5, so it is an
optimal alignment for the parameter values in the intersection of the normal
cones at vertices 4 and 5. In this intersection, we have that M = X, which is
not a biologically reasonable parameter constraint. Therefore, no biologically
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vertex number  (matches, mismatches, spaces)

(0, 0, 102)
(32, 0, 38)
(32, 11, 16)
(30, 15, 12)
(2, 43, 12)
(0, 43, 16)

S U W N

Table 7.2. Vertices of the alignment polytope (listed in counterclockwise order
around the polygon, looking in the —z direction).

reasonable parameter values for the 3-parameter scoring scheme allow us to
align these sequences correctly. O

Theorem 7.8 shows that the 3-parameter scoring scheme is inadequate for
correctly aligning some biological sequences. Simply using the 4-parameter
scoring scheme is sufficient for obtaining the correct alignment of these partic-
ular sequences. However, we conjecture that 4 parameters is still not sufficient
to correctly align all biological sequences.

Conjecture 7.9 There exist two biological sequences, o' and o2, such that the
biologically correct alignment of these sequences is not optimal for any choice of
biologically reasonable parameter values under the 4-parameter scoring scheme.

As in the 3-parameter case, parametric sequence alignment should be an
invaluable tool in proving this conjecture.
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Bounds for Optimal Sequence Alignment
Sergi Elizalde

Fumei Lam

One of the most frequently used techniques in determining the similarity be-
tween biological sequences is optimal sequence alignment. In the standard
instance of the sequence alignment problem, we are given two sequences (usu-
ally DNA sequences) that have evolved from a common ancestor via a series of
mutations, insertions and deletions. The goal is to find the best alignment be-
tween the two sequences. The definition of “best” here depends on the choice
of scoring scheme and there is often disagreement about the correct choice. In
[Fitch and Smith, 1983], it is shown that optimizing an inappropriately cho-
sen alignment objective function can miss a biologically accepted homologous
alignment. In parametric sequence alignment, this problem is avoided by in-
stead computing the optimal alignment as a function of variable scores. In
this chapter, we address one such scheme, in which all matches are equally
rewarded, all mismatches are equally penalized and all gaps are equally penal-
ized. For a detailed treatment on the subject of sequence alignment, we refer
the reader to [Gusfield, 1997].

8.1 Alignments and optimality

We first review some notation from Section 2.2. In this chapter, all alignments
will be global alignments between two sequences of the same length, denoted
by n. An alignment between two sequences o' and o2 of length n is specified
either by a string over {H, I, D} satisfying #H + #D = #H + #I = n, or by
a pair (u', u?) obtained from o', 0% by possibly inserting “—” characters, or
by a path in the alignment graph G,, ,. A match is a position in which p! and
u? have the same character, a mismatch is a position in which ! and p? have
different characters, and a space (or indel) is a position in which exactly one
of u' or u? has a space.

In the general sequence alignment problem, the number of parameters in a
scoring scheme is 33 (see Section 2.2). In this chapter, we consider the special
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case in which the score of any mismatch is —a and the score of any space is
—f. Without loss of generality, we fix the reward for a match to be 1. We
then have only two parameters and the following pair (w,w’) represents our
scoring scheme.

1 —a —-a —a -0

- 1 —-a —a -0 0 00
w=|-a —a 1 —a -8, v =000

- —a —«a 1 =0 0 00

-8 =8 =5 =B

Observe that in any alignment of two sequences of equal length, the number
of spaces inserted in each sequence is the same. For convenience, we will define
the number of gaps of an alignment to be half the total number of spaces (note
that this is not the same terminology used in [Ferndndez-Baca et al., 2002]).
The score of an alignment A with z matches, x mismatches, and y gaps (i.e.,
2y spaces) is then

score(A) = z —xa — yf.

The vector (z,y, z) will be called the type of the alignment. Note that for
sequences of length n, the type always satisfies x +y + z = n.

8.2 Geometric Interpretation

For two fixed sequences, different choices of parameters a and G may yield
different optimal alignments. If two alignments have the same score as a func-
tion of o and (3, we call them equivalent alignments. Observe that there may
be alignments that are not optimal for any choice of @ and 5. When «, § are
not fixed, an alignment will be called optimal if there is some choice of the
parameters that makes it optimal for those values of the parameters. Given
two sequences, it is an interesting problem to determine how many different
equivalence classes of alignments can be optimal for some value of o and 3.
For each of these classes, consider the region in the af-plane corresponding
to the values of the parameters for which the alignments in the given equiv-
alence class are optimal. This gives a decomposition of the af-plane into
optimality regions. Such regions are convex polyhedra; more precisely, they
are translates of cones. To see this, note that the score of an alignment with z
matches, z mismatches, and y gaps is z—za—yf8 = n—z(a+1)—y(8+1) (since
x4+ y+ z=mn). To each such alignment, we can associate a point (z,y) € R2.
The convex hull of all such points is a polygon, which we denote P,,. Then, an
alignment is optimal for those values of o and 3 such that the corresponding
point (z,y) minimizes the product (z,y) - («+ 1,3+ 1) among all the points
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ACCTTZCO CTTCCA®G

O OO0 4400490 4

®

Fig. 8.1. Shaded squares denote the positions in which o' and o2 agree. The four
alignments shown and corresponding scores are

ACCTTCCTTCCG  ACCTTCCTTCCG- ACCTTCCTTCCG--  ACCT-TCCTTCCG--
TGTCCTTCCGGG TG-TCCTTCCGGG  TG-T-CCTTCCGGG - - -TGTCCTTCCGGG
1-1la 5—6a— 8 —2a — 28 9-33

(z,y) associated to alignments of the two given sequences. Thus, an alignment
with = mismatches and y gaps is optimal if and only if (z,y) is a vertex of
P,,. From this, we see that the decomposition of the a3-plane into optimality
regions is a translation of the normal fan of P, .

We are interested in the number of optimality regions, or equivalently, the
number of vertices of P,,. The parameters are only biologically meaningful for
a, § > 0, the case in which gaps and mismatches are penalized. Thus, we will
only consider the optimality regions intersecting this quadrant. Equivalently,
we are concerned only with the vertices of P, along the lower-left border.

Note that for « = § = —1, the score of any alignment is z— (—1)x —(—1)y =
z + x 4+ y = n; therefore, the lines bounding each optimality region are either
coordinate axes or lines passing through the point (—1, —1). This shows that



216 S. Elizalde and F. Lam

Fig. 8.2. Decomposition of the parameter space by sequences ACCTTCCTTCCG and
ACCTTCCTTCCG from Figure 8.1. The boundaries of the regions are given by the coor-
dinate axes and the lines =1+ 2«, f =3 +4a and § =4 + 5a.

all boundary lines of optimality regions are either coordinate axes or lines of
the form § = c+ (¢ + 1)a for some constant ¢ ([Gusfield et al., 1994]).

The polygon P, is a projection of the convex hull of the points (x,y, 2)
giving the number of mismatches, gaps and matches of each alignment. All
these points lie on the plane x + y + z = n and their convex hull is a polygon
which we denote P. We call P the alignment polygon. One obtains polygons
combinatorially equivalent to P and P,, by projecting onto the xz-plane or
the yz-plane instead. It will be convenient for us to consider the projection
onto the yz-plane, which we denote P,..

8.2.1 The structure of the alignment polygon

The polygon P,. is obtained by taking the convex hull of the points (y, 2)
whose coordinates are the number of gaps and the number of matches of each
alignment of the two given sequences. Note that any mismatch of an alignment
can be replaced with two spaces, one in each sequence, without changing the
rest of the alignment. If we perform such a replacement in an alignment of
type (x,y, z), we obtain an alignment of type (z — 1,y+ 1, z). By replacing all
mismatches with gaps we obtain an alignment of type (0, x4y, z) = (0,n—z, z).
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Similarly, replacing a match with two spaces in an alignment of type (z,y, 2)
yields one of type (z,y+1, z—1), and performing all such replacements results
in an alignment of type (z,n — x,0). Note however that the replacement of a
match with spaces never gives an optimal alignment for nonnegative values of
«a and (.

From this, we see that if a point (y, z) inside P,, comes from an alignment,
then the points (y + 1, z) and (y + 1,z — 1) must also come from alignments.
A natural question is whether all lattice points (i.e., points with integral coor-
dinates) inside P,, come from alignments. We will see in the construction of
Proposition 9.2 that this is not the case in general. This means that there are
instances in which a lattice point (y/, 2’) lies inside the convex hull of points
corresponding to alignments, but there is no alignment with 3’ gaps and 2’
matches.

From the above observation, it follows that P has an edge joining the ver-
tices (0,7n,0) and (0,7 — Zmax, Zmax), Where zpax is the maximum number of
matches in any alignment of the two given sequences. Similarly, P has an edge
joining (0,7n,0) and (Zmax, " — Tmax, 0), where xy,x is the maximum number
of mismatches in any alignment. The alignment with no gaps also gives a
vertex of P, which we denote vy = (x¢,0, z09). Going around P starting from
vg in the direction where z increases, we label the vertices vy, v9,...,v, =
(07 T — Zmax; Zmax)a Ur41 = (07 n, 0)7 Upy2 = ($maxa N — Tmax, 0)7

Fig. 8.3. The alignment polygon P for the sequences in Figure 8.1 and its projec-
tion P,..

For the meaningful values of the parameters, optimal alignments correspond
to the vertices vy, v1,...,v.. We call them relevant vertices of P. For v; =
(i, Yi, %), we have

Z0<Zl<"'<27«_1§zr:zmaxa
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O=yo<y1 < -+ <Y1 <Yr =N — Zmax,

To>T1> > X1 > 2, = 0.

Each vertex corresponds to an optimality region in the first quadrant of the

1 02, we define g(co!, 02) = r+1 to be the number of

af-plane. For sequences o
such optimality regions. Note that g(o!, o?) also equals the number of relevant
vertices of P, and the number of equivalence classes of optimal alignments of
o' and ¢? for nonnegative values of a and f3.

Let ¥ be a fixed alphabet (which can be finite or infinite). We define

fz(n) = maxal,UZEE”g(Ulv 02)'

In other words, fx(n) is the maximum number of optimality regions in the
decomposition of the first quadrant induced by a pair of sequences of length n
in the alphabet ¥. We are interested in bounds on fx(n).

8.3 Known bounds

The first nontrivial upper bound on fx(n) was given in [Gusfield et al., 1994],
where it was shown that fs(n) = O(n?/3) for any alphabet ¥ (finite or infi-
nite). The more precise bound fx(n) = 3(n/2m)%/3 + O(n/?logn) is shown in
[Fernandez-Baca et al., 2002], and an example is given for which the bound is
tight if 3 is an infinite alphabet.

The idea used in [Fernandez-Baca et al., 2002] to establish the upper bound
uses the fact that the slopes of the segments connecting pairs of consecutive
relevant vertices of P, must be all different. The bound is obtained by calcu-
lating the maximum number of different rational numbers such that the sum
of all the numerators and denominators is at most n. To show that this bound
is tight for an infinite alphabet, for every n, they construct a pair of sequences
of length n for which the above bound on the number of different slopes be-
tween consecutive vertices of P, is attained. In their construction, the number
of different symbols that appear in the sequences of length n grows linearly
in n. It is an interesting question whether a similar Q(n?/®) bound can be
achieved using fewer symbols, even if the number of symbols tends to infinity
as n increases.

This lower bound example only works when the alphabet ¥ is infinite. How-
ever, biological sequences encountered in practice are over a finite alphabet,
usually the 4-letter alphabet {A C,G,T}. For finite alphabets X, the asymp-
totic behavior of fx(n) is not known. The upper bound fs(n) < 3(n/2m)?/3 +
O(n'/3logn) seems to be far from the actual value in the case of a finite al-
phabet .
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8.4 The Square Root Conjecture

In the case of a binary alphabet ¥ = {0,1}, for any n, there is a pair of
sequences of length n over X such that the number of equivalence classes of
optimal alignments is Q(y/n) ([Ferndndez-Baca et al., 2002]). More precisely,
if we let s(n) = s be the largest integer such that s(s — 1)/2 < n, then the
number of relevant vertices of the polygon P corresponding to the constructed
sequences of length n is s(n). This shows that fio13(n) > s(n) = Q(y/n).
Clearly, for any alphabet ¥ of size |X| > 2, the same construction using only
two symbols also shows fx(n) > s(n) = Q(y/n). For a finite alphabet, the
best known bounds are fs;(n) = Q(y/n) and fs(n) = O(n?/3). It is an open
problem to close this gap. We believe that the actual asymptotic behavior of
f10,13(n) is given by the lower bound.

Conjecture 8.1 f{o11(n) = 0(v/n).

It is clear that increasing the number of symbols in the alphabet X cre-
ates a larger number of possible pairs of sequences. In particular, we have
that fx/(n) > fu(n) whenever |¥| > |X|. Intuitively, a larger alphabet gives
more freedom on the different alignment polygons that arise, which potentially
increases the upper bound on the number of relevant vertices.

This is indeed the case in practice, as the following example shows. Let
¥ = {0, 1} be the binary alphabet, and let ¥/ = {wy, wo, ..., wg}. Take a pair

of sequences of length n = 9 over ¥’ as follows: 0! = wwowzwawswswWsW5Ws,

0? = wewiwowgwzwewewawg (note that this construction is similar to the one
in Figure 8.4). Then, the alignment polygon has 5 relevant vertices, namely
vo = (9,0,0),v1 = (6,1,2), vo = (4,2,3), v3 = (1,4,4) and vg = (0,5,4). It is
not hard to see that in fact fsy(n) = 5. However, one can check by exhaustive
computer search that there is no pair of binary sequences of length 9 such that
their alignment polytope has 5 relevant vertices. Thus, fi1}(n) =4 < fo(n).

In contrast to this result, the construction that gives the best known lower
bound Q(y/n) for finite alphabets is in fact over the binary alphabet. Thus,
one interesting question is whether the bounds on fx(n) are asymptotically
the same for all finite alphabets. In particular, it is an open question whether
an improved upper bound in the case of the binary alphabet would imply an
improved upper bound in the case of a finite alphabet.

One possible approach to reduce from the finite alphabet case to the binary
alphabet case is to consider the sequences o' and ¢ under all maps 7 : ¥ —
{0,1}. There are 2k such maps, which we denote by 7, j = 1,...,2%. For
each j, let PJ, be the convex hull of the points (z,y) giving the number of
mismatches and gaps of the alignments of sequences 7(co!) and mw(c?). We

would like to relate the vertices of P, to the vertices of ngy.
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Conjecture 8.2 For each relevant vertex (x;,y;) of Pyy, there exists a map
m;+ X — {0,1} such that Ply has a relevant vertex whose second coordinate

18 Yi.

Let ¥ be a finite alphabet on at least two symbols and let k£ = |X|. If this
conjecture is true, then fx(n) < 2'“f{071}(n) for every n, implying the following
stronger version of Conjecture 8.1.

Conjecture 8.3 For any finite alphabet 3, fx(n) = ©(y/n).

Note that the case of ¥ = {A,C,G, T} is particularly interesting since most
biological sequences are in this 4-letter alphabet.

Instead of finding a relationship between the vertices of P, and the vertices
of ngy, another approach would be to try to find a relationship between the
optimality regions in the decomposition of the oG parameter space under all
mappings to the binary alphabet. For sequences o' and o2, let Ag, A1, ... A
denote the optimality regions of the decomposition of the parameter space, and
for any map 7 : ¥ — {0,1}, let Bf, BT,... B} denote the optimality regions
for alignments of 7(c!) and 7(0?). If for every A;, 0 < i < m, there exists a
mapping 7 such that B} C A; for some j, 0 < j < ir, then this would imply
fu(n) < 2kf{071}(n) for every n, proving Conjecture 8.3. However, this is not
true for the example in Figure 8.4.

The construction of two binary sequences of length n with s = s(n) optimal
alignments used to obtain the lower bound in [Ferndndez-Baca et al., 2002] has
the following peculiarity. The number of gaps in the alignments giving relevant

Wy W2 W, W4 W5 W5 W5 W5

3 B

EEEFEAEE EF

o}

Fig. 8.4. Optimal alignments for o! = wjwswswswswswsws and o? =
WewiwoWewswewewy, and corresponding optimality regions Ag, A1, As and Az given
by lines § = % + %a,ﬁ =1+ 2a and § = 2+ 3. . In this example, for any map-
ping 7 : {w1, wa, ..., we} — {0,1} and any region BT in the resulting decomposition,
B;r g Al and B;r g AQ.
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vertices of the alignment polygon P are yo =0, y1 =1, yo =2, ..., ys_o =
s — 2 (see Figure 8.5).

z

Fig. 8.5. The alignment polygon P for binary sequences of length n = 15 with s(n) = 6
relevant vertices.

The slopes between consecutive relevant vertices in the projected alignment
polygon P,. are then s,s — 1,5 —2,...,1,0. In particular, all the slopes are
integral. If this was true of all alignment polytopes coming from binary se-
quences, then Conjecture 8.1 would follow, because the maximum number of
different integral slopes in P,. is s(n). However, it is not the case in general
that the slopes obtained from binary sequences are always integral.

The smallest counterexample is given by the pair of sequences o' = 001011
and % = 111000. The vertices of the corresponding polytope P, are (0,2),
(3,3), (6,0) and (10). The slope between the first two vertices is 1/3, which
shows that not all slopes are integral. In fact, it follows from the proof of
Proposition 9.3 that the situation is quite the opposite. We will see in the
next chapter that for any positive integers u, v with © < v, one can construct a
pair of binary sequences of length at most 6v — 2u such that the corresponding
(projected) alignment polytope P, has a slope u/v between two consecutive
relevant vertices.
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Inference Functions
Sergi Elizalde

Some of the statistical models introduced in Chapter 1 have the feature that,
aside from the observed data, there is hidden information that cannot be deter-
mined from an observation. These are called observed models, and particular
examples of them are the hidden Markov model and the hidden tree model.
A natural problem in such models is to determine, given a particular observa-
tion, what is the most likely hidden data (which is called explanation) for that
observation. Any fixed values of the parameters determine a way to assign an
explanation to each possible observation. A map obtained in this way is called
an inference function.

Examples of inference functions include gene finding functions. These are
used to determine what parts of a DNA sequence correspond to exons, which
will be translated into proteins, and what parts are introns, which will get
spliced out before the translation. They are inference functions of the hidden
Markov model described in Section 4.4. An observation in this model is a
sequence in the alphabet ¥ = {A C, G, T}.

9.1 What is an inference function?

Let us introduce some notation and make the definition more formal. Consider
a graphical model (as defined in Section 1.5) with n observed random variables
Y1,Ys,...,Y,, and ¢ hidden random variables X1, Xo, ..., X,. To simplify the
notation, we make the assumption, which is often the case in practice, that
all the observed variables are on the same finite alphabet ', and that all the
hidden variables are on the finite alphabet X. The state space is then (X')™. Let
[ =|X| and I” = |Y¥'|. Let d be the number of parameters of the model, which
we denote 01,09, ...,05. They express transition probabilities between states.
The model is represented by a positive polynomial map f : R4 — R()". For
each observation 7 € (X')", the corresponding coordinate f; is a polynomial in
01,0, ...,04 which gives the probability of making the particular observation 7.

222
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Thus, we have f; = Prob(Y =7) = >} css Prob(X = h, Y = 7), where each
summand Prob(X = h,Y = 7) is a monomial in the parameters 6y, 6s, ..., 60;.

For fixed values of the parameters, the basic inference problem is to deter-
mine, for each given observation 7, the value h € X7 of the hidden data that
maximizes Prob(X = h|Y = 7). A solution to this optimization problem is
denoted h and is called an explanation of the observation 7. Each choice of
parameters (01, 0s, ..., 60;) defines an inference function T +— h from the set of
observations (3')" to the set of explanations 39. A brief discussion of inference
functions and their geometric interpretation in terms of the tropicalization of
the polynomial map f was given at the end of Section 3.4.

It is possible that there is more than one value of h attaining the maximum
of Prob(X = h|Y = 7). In this case, for simplicity, we will pick only one such
explanation, according to some consistent tie-breaking rule decided ahead of
time. For example, we can pick the least such h in some given total order of
the set 3¢ of hidden states. Another alternative would be to define inference
functions as maps from (X')" to subsets of 9. This would not affect the
results of this chapter, so for the sake of simplicity we consider only inference
functions as defined above.

It is important to observe that the total number of functions (X)" —
39 is (lq)(l/)n = 190" which is doubly-exponential in the length n of the
observations. However, most of these are not inference functions for any value
of the parameters. In this chapter we give an upper bound on the number of
inference functions of a graphical model.

We finish this section with some more notation that will be used in the
chapter. We denote by E the number of edges of the underlying graph of the
graphical model. The logarithms of the model parameters will be denoted by
v; = log(6;).

The coordinates of our model are polynomials of the form f, (61, 0o, ...,04) =
> Hil’iﬁgz’i . '03‘“. Recall from Section 2.3 that the Newton polytope of such
a polynomial is defined as the convex hull in R% of the exponent vectors
(a1,i, 02,4, ...,aq4:). We denote the Newton polytope of f; by NP(f;), and
its normal fan by N (NP(f;)).

Recall also that that the Minkowski sum of two polytopes P and P’ is
PoP ={x+x':x € P,x' € P}. The Newton polytope of the map
f:RY — RO is defined as the Minkowski sum of the individual Newton
polytopes of its coordinates, namely NP(f) := (O, ¢(s)n NP(f7).

9.2 The Few Inference Functions Theorem

For fixed parameters, the inference problem of finding the explanation h that
maximizes Prob(X = h|Y = 7) is equivalent to identifying the monomial
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01" 05> 05" of f, with maximum value. Since the logarithm is a monotone
increasing function, the sought monomial also maximizes the quantity

log(07 057" ---65%") = ay;log(6r) + azilog(fa) + ...+ aq;log(6,)

= a14V1 +ag;v2+ ...+ aq;v4.

This is equivalent to the fact that the corresponding vertex (aj;, ag, . .., ad,;)
of the Newton polytope NP(f;) maximizes the linear expression vixy + ...+
vgxq. Thus, the inference problem for fixed parameters becomes a linear pro-
gramming problem.

Each choice of the parameters 6§ = (01,05, ...,60;) determines an inference
function. If v = (vi,vs,...,v4) is the vector in R? with coordinates v; =
log(6;), then we denote the corresponding inference function by

By (X)) — 24,

For each observation 7 € (¥')", its explanation @ (7) is given by the vertex of
NP(f;) that is maximal in the direction of the vector v. Note that for certain
values of the parameters there may be more than one vertex attaining the
maximum, if v is perpendicular to a face of NP(f;). It is also possible that the
same point (a1 i, a2, ...,aq4,;) in the polytope corresponds to several different
values of the hidden data. In both cases, we pick the explanation according to
the tie-braking rule decided ahead of time. This simplification does not affect
the asymptotic number of inference functions.

Different values of 8 yield different directions v, which give possibly different
inference functions. We are interested in bounding the number of different
inference functions that a graphical model can have. The next theorem states
that the number of inference functions grows polynomially in the complexity of
the graphical model. In particular, very few of the 194)" functions (X" — 34
are inference functions.

Theorem 9.1 (The Few Inference Functions Theorem) Letd be a fived
positive integer. Consider a graphical model with d parameters, and let E be
the number of edges of the underlying graph. Then, the number of inference
functions of the model is at most

O(Edz(d_l)/z).

Before proving this theorem, observe that the number E of edges depends
on the number n of observed random variables. In most graphical models, E
is a linear function of n, so the bound becomes O(ndz(d_l)/ 2). For example,
the hidden Markov model has E = 2n — 1 edges.

Proof We have seen that an inference function is specified by a choice of the
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parameters, which is equivalent to choosing a vector v € R%. The function is
denoted @y : (X')" — X7, and the explanation ®(7) of a given observation
7 is determined by the vertex of NP(f;) that is maximal in the direction of v.
Thus, cones of the normal fan N (NP(f,)) correspond to sets of vectors v that
give rise to the same explanation for the observation 7. Non-maximal cones
correspond to directions v for which more than one vertex is maximal. Since
ties are broken using a consistent rule, we disregard this case for simplicity.
Thus, in what follows we consider only maximal cones of the normal fan.

Let v/ = (v}, v}, ..., v)) be another vector corresponding to a different choice
of parameters. By the above reasoning, ®,(7) = ®/(7) if and only if v and
v’ belong to the same cone of N(NP(f;)). Thus, ®, and ®,, are the same
inference function if and only if v and v’ belong to the same cone of N'(NP(f;))
for all observations 7 € (X')". Denote by A ¢y N(NP(f;)) the common
refinement of all these normal fans. Then, &, and &+ are the same function
exactly when v and v’ lie in the same cone of this common refinement.
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Fig. 9.1. Two different inference functions ®,, and ®,.. Each row depicts the Newton
polytope of an observation, and the respective explanations are given by the marked
vertices.

Therefore, the number of inference functions equals the number of cones in
A N(NP(f;)). It is well known that the normal fan of a Minkowski sum
of polytopes is the common refinement of the individual fans (see [Ziegler, 1995,
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Proposition 7.12]). In our case, the common refinement is the normal fan of
NP(f) = O,¢(syyn NP(f7), the Minkowski sum of the polytopes NP(f-) for all
observations 7. Thus, our goal is to bound the number of vertices of NP(f).

Note that for each 7, the polytope NP(f,) is contained in the cube [0, E]<.
This is because each parameter 6; can appear as a factor of a monomial of f-
at most F times. Besides, the vertices of NP(f;) have integral coordinates,
because they are exponent vectors. Polytopes whose vertices have integral
coordinates are called lattice polytopes. It follows that the edges of NP(f;) are
given by vectors where each coordinate is an integer between —FE and F. Each
edge of NP(f) has the same direction as an edge of one of its summands NP(f;).
Therefore, the normal vector of any facet of NP(f) is obtained as the vector
perpendicular to d — 1 linearly independent vectors in [—FE, E]? with integral
coordinates. Since there are only O(FE%) such vectors, the normal vectors of
the facets of NP(f;) can take at most O(E% 1)) different directions.

This implies that NP(f) has at most O(E441) facets. By the Upper Bound
Theorem (see [McMullen, 1971]), a d-dimensional polytope with N facets can
have at most O(N%?) vertices. Thus, the number of vertices of NP(f), and
hence the number of inference functions of the graphical model, is bounded
from above by O(Edz(d_l)/z). O

9.3 Inference functions for sequence alignment

We now show how Theorem 9.1 can be applied to give a tight bound on the
number of inference functions of the model for sequence alignment used in
Chapter 8. Recall the sequence alignment problem from Section 2.2, which
consists in finding the best alignment between two sequences. Given two strings
o' and o2 of lengths n; and no respectively, an alignment is a pair of equal
1 52 by inserting “—" characters in
such a way that there is no position in which both p! and p? have a “—7. A

length strings (u', %) obtained from o

match is a position where ;' and ;2 have the same character, a mismatch is a
position where p' and p? have different characters, and a space is a position
in which one of pu! and~,u2 has a space. A simple scoring scheme consists of
two parameters o and 3 denoting mismatch and space penalties respectively.
The score of an alignment with z matches, x mismatches, and y spaces is then
z —xa—yB. Observe that these numbers always satisfy 2z +2x +y = ny + ns.
For pairs of sequences of equal length, this is the same scoring scheme used in
Chapter 8, with ¥ = 2y and 5 = (3/2. In this case, y is called the number of
gaps, which is half the number of spaces, and (3 is the penalty for a gap.

This 2-parameter model for sequence alignment is a particular case of the
pair hidden Markov model discussed in Section 2.2. The problem of determin-
ing the highest scoring alignment for given values of o and B is equivalent to
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the inference problem in the pair hidden Markov model, with some parameters
set to functions of a and B, or to 0 or 1. In this setting, an observation is a pair
of sequences 7 = (o', 02), and the number of observed variables is n = ny +no.
An explanation is then an optimum alignment, since the values of the hidden
variables indicate the positions of the spaces.

For each pair of sequences 7, the Newton polytope of the polynomial f, is
the convex hull of the points (z,y, z) whose coordinates are, respectively, the
number of mismatches, spaces and matches of each possible alignment of the
pair. This polytope lies on the plane 2z+2x+4y = nq +ns, so no information is
lost by considering its projection onto the zy-plane instead. This projection is
just the convex hull of the points (z,y) giving the number of mismatches and
spaces of each alignment. For any alignment of sequences of lengths ny and no,
the corresponding point (x,7) lies inside the square [0, n)?, where n = n{ +ns.
Therefore, since we are dealing with lattice polygons inside [0,n]?, it follows
from Theorem 9.1 that the number of inference functions of this model is
O(n?).

Next we show that this quadratic bound on the number of inference functions
of the model is tight. We first consider the case in which the alphabet ¥/ of
the observed sequences is allowed to be large enough.

Proposition 9.2 Consider the 2-parameter model for sequence alignment de-
scribed above. Assume for simplicity that the two observed sequences have the
same length ny, and let n = 2ny. Let ¥/ = {wg, w1, ...,wn, } be the alphabet of
the observed sequences. Then, the number of inference functions of this model
is O(n?).

Proof The above argument shows that O(n?) is an upper bound on the number
of inference functions of the model. To prove the proposition, we will argue
that there are at least Q(n?) such functions.

Since the two sequences have the same length, we will use y to denote the
number of gaps, where y = y/2, and § = 23 to denote the gap penalty. For
fixed values of o and (3, the explanation of an observation 7 = (o', 0?) is
given by the vertex of NP(f;) that is maximal in the direction of the vector
(—a, —f3,1). In this model, NP(f;) is the convex hull of the points (z,y, z)
whose coordinates are the number of mismatches, spaces and matches of the
alignments of o' and o2.

The argument in the proof of Theorem 9.1 shows that the number of inference
functions of this model is the number of cones in the common refinement of the
normal fans of NP(f,), where 7 runs over all pairs of sequences of length n; in
the alphabet Y'. Since the polytopes NP(f.) lie on the plane x + y + 2z = nq,
it is equivalent to consider the normal fans of their projections onto the yz-
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plane. These projections are lattice polygons contained in the square [0, n1]2.

We denote by P, the projection of NP(f.) onto the yz-plane.

We claim that for any two integers a and b such that a,b > 1 and a+b < nq,
there is a pair 7 = (¢!, 0?) of sequences of length n; in the alphabet X’ so that
the polygon P has an edge of slope b/a.

Before proving the claim, let us show that it implies the statement of the
proposition. First note that the number of different slopes b/a obtained by
numbers a and b satisfying the above conditions is ©(n?). Indeed, this fol-
lows from the fact that the proportion of relative prime pairs of numbers in
{1,2,...,m} tends to a constant (namely 6/7%) as m goes to infinity (see for
example [Apostol, 1976]). Now, in the normal fan, each slope of P; becomes
a 1-dimensional ray perpendicular to it. Different slopes give different rays
in Are(srynx(syn N (Pr), the common refinement of fans. In two dimensions,
the number of maximal cones equals the number of rays. Thus, A N(P;) has
at least Q(n?) = Q(n?) cones. Equivalently, the model has Q(n?) inference
functions.

Let us now prove the claim. Given a and b as above, construct the sequences
o' and o2 as follows:

1
0" = WiWwa - - - Wp Wh41 * * * Wh+1,
D e —

n1—>btimes

2
O =wWp* - -Wowiwg -+ -WpwWp42 ** - Wp42 -

atimes ni—a—>btimes

Then, it is easy to check that for 7 = (¢!, 0?), P has an edge between the
vertex (0,0), corresponding to the alignment with no spaces, and the vertex
(a,b), corresponding to the alignment

1_
= T WiW2 W Wh Lt Wbl Whl Wbl

2 _
'u/ _wo...w0w1w2...wbwb+2...wb+2 — PN —

The slope of this edge is b/a. In fact, the four vertices of P, are (0,0), (a,b),

(n1 —b,b) and (n1,0). This proves the claim.
Figure 9.2 shows a pair of sequences for which P, has an edge of slope 4/3.
]

Chapter 8 raised the question of whether all the lattice points inside the pro-
jected alignment polygon P, come from alignments of the pair of sequences .
The construction in the proof of Proposition 9.2 gives instances for which some
lattice points inside P, do not come from any alignment.

For example, take P; to be the projection of the alignment polygon corre-
sponding to the pair of sequences in Figure 9.2. The points (1,1), (2,1) and
(2,2) lie inside P;. However, there is no alignment of these sequences with
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Fig. 9.2. Two sequences of length 11 giving the slope 4/3 in their alignment polytope.

less than 3 gaps having at least one match, so these points do not correspond
to alignments. Figure 9.3 shows exactly which lattice points in P, come from
alignments of the pair.

z

A
£
/£

pa= ==

S

p—— 1

N

y

Fig. 9.3. The thick dots are the points (y, z) giving the number of gaps and matches
of alignments of the sequences in Figure 9.2.

Next we will show that, even in the case of the binary alphabet, our quadratic
upper bound on the number of inference functions of the 2-parameter model
for sequence alignment is tight as well. Thus, the large alphabet ¥’ from
Proposition 9.2 is not needed to obtain £(n?) slopes in the alignment polytopes.

Proposition 9.3 Consider the 2-parameter model for sequence alignment as
before, where the two observed sequences have length ny. Let n = 2nq, and let
¥ ={0,1} be the binary alphabet. The number of inference functions of this
model is ©(n?).

Proof We follow the same idea as in the proof of Proposition 9.2. We will
construct a collection of pairs of binary sequences 7 = (0!, 0?) so that the
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total number of different slopes of the edges of the polygons NP(f,) is Q(n?).
This will imply that the number of cones in A_N(NP(f)), where 7 ranges
over all pairs of binary sequences of length ny, is Q(n?).

Recall that P, denotes the projection of NP(f;) onto the yz-plane, and that
it is a lattice polygon contained in [0, n]?.

We claim that for any positive integers v and v with v < v and 6v—2u < nq,
there exists a pair 7 of binary sequences of length n; such that P, has an edge
of slope u/v. This will imply that the number of different slopes created by
the edges of the polygons P, is Q(n?).

Thus, it only remains to prove the claim. Given positive integers u and v
as above, let a := 2v, b := v — u. Assume first that n; = 6v — 2u = 2a + 2b.
Consider the sequences

0_1 — 1a0b1b0a’ 0_2 — Oalbobla,

where 0% indicates that the symbol 0 is repeated a times. Let 7 = (o!,02).

Then, it is not hard to see that the polygon P, for this pair of sequences has
four vertices: vy = (0,0), v1 = (b,3b), v2a = (a+b,a+b) and v3 = (ny1,0). The
slope of the edge between v; and vy is “_T% = .

If ny > 6v — 2u = 2a + 2b, we just append 0™ 2720 to both sequences o'

and o2.
2 bob s
S\ S T\
111111100110000000

0
0
a0
0
0
:
b{ cl)
b{ 8 ath - \\5
ik -
1 b arb

Fig. 9.4. Two binary sequences of length 18 giving the slope 3/7 in their alignment
polytope.

Note that if v — u is even, the construction can be done with sequences of
length n1 = 3v —u by taking a := v, b := *5*. Figure 9.4 shows the alignment
graph and the polygon P; for a =7, b = 2. O
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In most cases, one is interested only in those inference functions that are
biologically meaningful. In our case, meaningful values of the parameters occur
when «, 8 > 0, which means that mismatches and spaces are penalized, instead
of rewarded. Sometimes one also requires that o < (, which means that a
mismatch should be penalized less than two spaces. It is interesting to observe
that our constructions in the proofs of Propositions 9.2 and 9.3 not only show
that the total number of inference functions is 2(n?), but also that the number
of biologically meaningful ones is still 2(n?). This is because the different rays
created in our construction have a biologically meaningful direction in the
parameter space.

Let us now relate the results from this section with the bounds given in
the previous chapter. In Chapter 8 we saw that in the 2-parameter model for
sequence alignment, if 7 is a pair of sequences of length n in an arbitrarily large
alphabet, then the polygon P, can have @(nz/ 3) vertices in the worst case. In
Proposition 9.2 we have shown that the Minkowski sum of these polygons for
all possible such observations 7, namely (), P, has ©(n?) vertices.

In the case where the alphabet for the sequences is binary (or more generally,
finite), in Chapter 8 we conjectured that the polygon P can only have O(y/n)
vertices at most. In Proposition 9.3 we have proved that the polygon (. P,
where 7 runs over all pairs of binary sequences of length n, has ©(n?) vertices
as well.

Having shown that the number of inference functions of a graphical model is
polynomial in the size of the model, an interesting next step would be to find
a way to precompute all the inference functions for given models and store
them in the memory. This would allow us to answer queries about a given
observation very efficiently.
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Geometry of Markov Chains
Eric Kuo

This chapter discusses the differences between Viterbi sequences of Markov
chains and toric Markov chains. When the chains have 2 or 3 states, there
are some sequences that are Viterbi for a toric Markov chain, but not for any
Markov chain. However, when the chain has 4 or more states, the sets of Viterbi
sequences are identical for both Markov chains and toric Markov chains. We
also discuss maximal probability sequences for fully observed Markov models.

10.1 Viterbi Sequences

In this chapter, we number the states of an [-state Markov chain from 0 to
[ — 1. Given a Markov chain M, the probability of a sequence is the product
of the initial probability of the first state and all the transition probabilities
between consecutive states. There are [" possible sequences of length n. A
Viterbi path of length n is a sequence of n states (containing n transitions)
with the highest probability. Viterbi paths of Markov chains can be computed
in polynomial time [Forney, 1973, Viterbi, 1967]. A Markov chain may have
more than one Viterbi path of length n; for instance, if 012010 is a Viterbi path
of length 6, then 010120 must also be a Viterbi path since both sequences have
the same initial state and the same set of transitions, only that they appear
in a different order. T'wo sequences are equivalent if their set of transitions are
the same. The Viterbi paths of a Markov chain might not be all equivalent.
Consider the Markov chain on [ states that has a uniform initial distribution
and a uniform transition matrix (i.e. 6;; = % for all states 4,7). Since each
sequence of length n has the same probability l%, every sequence is a Viterbi
path for this Markov chain.

If a sequence S and all others equivalent to S are the only Viterbi paths
of a Markov chain, then we call S a Viterbi sequence. A simple example of a
Viterbi sequence of length 4 is 0000 since it is the only Viterbi path for the

232
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two-state Markov chain with transition matrix

~(3 1)

An example of a sequence that is not a Viterbi sequence is 0011. If 0011 were a
Viterbi sequence, then its probability must be greater than those of sequences
0001 and 0111. Since pgo11 > Pooot,

000001611 > 030001,
from which we conclude 617 > 0y9. But from pgg11po111, we get
000001611 > 001611,

from which we get 6pg > 011, a contradiction.

We can similarly define Viterbi paths and sequences for toric Markov chains.
Recall that the transition matrix for a toric Markov chain is not necessarily
stochastic. Because of this fact, the set 1; of Viterbi sequences of [-state toric
Markov chains may be different from the set V; of Viterbi sequences of [-state
(regular) Markov chains. Note that V; is a subset of T} since every Markov
chain is a toric Markov chain. We call the sequences in the set difference
T, — V) pseudo-Viterbi sequences. (For the rest of this article, the term Viterb:
path and sequence will refer to regular Markov chains; for toric Markov chains,
we call them toric Viterbi paths and sequences.

The main result in this article is that for [ = 2 and 3, pseudo-Viterbi se-
quences exist. When [ > 4, there are no pseudo-Viterbi sequences; the sets of
Viterbi sequences and toric Viterbi sequences are equal.

To help prove these results, we will need to prove some general properties
about Viterbi sequences.

Proposition 10.1 If a Viterbi sequence S has two subsequences T1 and Ty of
length t that both begin with state q1 and end with state qs, then Ty and T are
equivalent sequences.

Proof Suppose that T7 and T> are not equivalent subsequences. Then let S7 be
the sequence obtained by replacing T» with 7% in S so that ps, = pspr,/p1,-
Similarly, let So be the sequence obtained by replacing T} with T in S so that
PS, = PSPT,/p1y- Since S is Viterbi and not equivalent to S;, we must have
ps > ps,, which implies pp, > pr,. But since S is also not equivalent to So,
we also have pg > pg,, which implies pp, > pp,. This is a contradiction, so T}
and T5 must be equivalent. O

As an example, 01020 is not a Viterbi sequence since 010 and 020 are non-
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Ax 2mtl (2m, 0,0,0) Ax 02m2 (2m +1,0,0,0)
B 021 (2m—1,1,0,0) B  02™*'1  (2m,1,0,0)
¢ oon™ (1,m,m-1,00 Cx 0(01)"0 (1,m,m,0)
Dx (01)™1  (0,m,m—1,1) D  (01)™10 (0,m,m,1)
Ex (01)™0  (0,m,m,0) Ex (01)™  (0,m+ 1,m,0)
F  012m-10 (0,1,1,2m—2) F 0120  (0,1,1,2m—1)
Gx 012™ (0,1,0,2m—1) Gx 0121 (0,1,0,2m)

Table 10.1. Left: Toric Viterbi sequences of length 2m + 1. Right: Toric
Viterbi sequences of length 2m + 2. Starred sequences are Viterbi, unstarred
are pseudo- Viterbi.

equivalent subsequences of the same length beginning and ending with 0. Ei-
ther po1o10 Or po2020 Will be greater than or equal to pp1020-
The next proposition was illustrated with an earlier example, 0011.

Proposition 10.2 If a transition ii exists in a Viterbi sequence S, then no
other transition jj can appear in S, where j # i.

Proof Suppose S did contain transitions i and jj. Consider the sequences
S1 where subsequence i is replaced by 7 and jj is replaced by jjj. Since S is
Viterbi, we must have ps > pg,, from which we conclude p;; > pj;. However,
we can also create another sequence S5 in which i is replaced with 77¢ and j7j is
replaced with j. Once again, ps > pg,, S0 pj; > pii, giving us a contradiction.

O

10.2 Two- and Three-State Markov Chains

For toric Markov chains on [ = 2 states, there are seven toric Viterbi sequences
with initial state 0 when the length n > 5. They are listed in Table 10.1.

Not all toric Viterbi sequences are Viterbi sequences. In fact, for each n > 3,
three sequences are pseudo-Viterbi because of the following proposition.

Proposition 10.3 No Viterbi sequence on two states can end with 001 or 110.

Proof Suppose that 001 is a Viterbi sequence. Then since pgo1 > poig, we
must have 6y > 61g. AISO, Poo1 > Po0o, SO Bo1 > Oyo.- Finally, Poo1 > Poil, SO
fpo > 011. But then

1 = oo + Oo1 > 610 + Ooo > b0 + 011 = 1,

which is a contradiction. Thus no Viterbi sequence can end with 001 (or by
symmetry, 110). |
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Fig. 10.1. Polytopes of two-state toric Viterbi sequences.

The remaining four toric Viterbi sequences are actual Viterbi sequences.
Stochastic transition matrices are easily constructed to produce these Viterbi
sequences.

We can view each two-state toric Viterbi sequence of length n as the vertex of
the Newton polytope of the polynomial } | pg where S ranges over all sequences
of length n that start with 0. These polytopes are shown in Figure 10.1. The
left and right polytopes are for odd and even length sequences, respectively.
The vertices share the labels listed in Table 10.1. Black vertices represent
Viterbi sequences, and white vertices represent pseudo-Viterbi sequences.

When [ = 3 states, the number of toric Viterbi sequences that start with
state 0 is 93 for even n and 95 for odd n, when n > 12. Of these sequences,
only four are pseudo-Viterbi. Specifically, these pseudo-Viterbi sequences end
in 11210 or some symmetric variant such as 00102.

Proposition 10.4 A Viterbi sequence (or an equivalent sequence) cannot end
i 11210, or equivalently, 12110.

Proof Suppose that a Viterbi sequence did end in 11210. Since the sequence
ends with 10, we must have 619 > 611. Since 110 is a Viterbi subsequence with
higher probability than 100, we also have 611 > 6yg. Thus

610 > boo- (10.1)
Moreover, p11g > p1o1, we must have 6116019 > 0106p1, which means

011 > bo1. (10.2)
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Finally, 112 has higher probability than 102, so 611612 > 619092. Then

0100
019 > 10702 > Gy (10.3)
011
where we use the fact that 619 > 61;. Thus
1 =010+ 011 + 012 > 0o + Oo1 + Op2 = 1 (10.4)
which is a contradiction. O

However, 0212110 is a toric Viterbi sequence for the toric Markov chain with
the following transition matrix:

0 0 01
0.5 0.3 0.2
0 06 O

10.3 Markov Chains with Many States

Of the seven two-state toric Viterbi sequences of length n that start with state
0, three are pseudo-Viterbi sequences. Out of the 93 or 95 (depending on the
parity of n) three-state toric Viterbi sequences of length n starting with state
0, only four of them are pseudo-Viterbi sequences. So we might ask, how many
pseudo-Viterbi sequences exist as the number of states increases? The answer
lies in the following theorem:

Theorem 10.5 Every toric Viterbi sequence on | > 4 states is a Viterbi se-
quence.

Proof In order to show that a min-weight sequence S (of length n) is Viterbi,
we need the following facts:

(i) For each state i, there exists another state j (which may be the same
as 1) for which transition ij does not appear in S.

(ii) If the previous statement is true, then we can find a stochastic matrix
of transition probabilities whose Viterbi sequence of length n is S.

To prove the first fact, we assume there is a state ¢ for which each transition
q0,q1,...,q(l — 1) exists at least once in S. Let’s assume ¢ is state 0 (for we
could merely relabel the states in S). We can rearrange S so that the final [
appearances of state 0 take the form 0012102290325 ...0(l—1)x;—1, where each
x; is a (possibly empty) string of states. Thus each transition 00,01, ...,0(l—1)
appears exactly once in this subsequence, and we assume that [ — 1 is the state
that follows the last 0.

Since | > 4, strings x1 and z9 must be followed by state 0. Strings xz; and
T9 cannot both be empty, for then pyp19 = po2o, violating Proposition 10.1.
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(Note that for [ < 3, this proof fails since 21 and x2 could both be empty.) So
suppose x1 is nonempty. The first state of x; (immediately following state 1)
cannot be state 1, for then pgg = p11, violating Proposition 10.2. So it must
be some state other than 0 or 1; call it state r. We could rearrange S so that
transition 00 precedes transition Or. Then within S we have two subsequences
00r and 017, violating Proposition 10.1. This is a contradiction. Thus there
must be at least one state s that never follows state 0 in S.

To prove the second statement, we construct a stochastic transition matrix
for which S'is a Viterbi sequence. Because of the first fact, we can assign every
transition ij in S a probability 6;; greater than 1/I. (Note that this would be
impossible in the cases 001 for [ = 2 and 11210 for [ = 3.) For each transition
ij that appears in S, we assign a probability 0;; between % + ¢ and % + e,

where

! < ! +e< ! + < !

A H e
If 45 is in S, then for the transitions ¢j’ that are not in S, we can still let
0< Gij/ < 1/[.

Now if state 7 does not appear in S or only appears as the final state of .5,
then each transition ¢j is assigned a probability 0;; not exceeding % +n, where
0 < n < e. We attempt to choose «, €, and 7 so that they satisfy the inequality

(% —1—77> (% + ae> i < (% - e> i (% + ae> : (10.5)

The right hand side represents the minimum possible value for the probabil-
ity of S, for it has at least one transition with the maximum probability % + e
while all the others have at least the minimum probability % +e¢. The left hand
side represents the maximum probability any other sequence S’ can attain in
which S’ contains a transition not in S. At least one transition has probability
at most % + n, while the rest may have maximum probability % + ae.

We show that we can choose values for «, €, and 7 that satisfies the inequality.
If we set @« = 1 and n = 0, the inequality is automatically satisfied, and thus
we can increment « and 7 very slightly and still satisfy the inequality.

Since S is a toric Viterbi sequence, there is a matrix 67 for which S is the
toric Viterbi sequence. We then take logarithms so that w;; = log 93; for each
transition 75 for which 93; # 0. Let w1 and we be the minimum and maximum
values of w;j, respectively, of all the transitions ij that appear in S. We then
let L(w) = aw + b (where a > 0) be the linear transformation that maps w;
to —log(% + ae) and ws to —log(% + €). For each transition ij that appears
in S, we set 0;; such that

—log Gij = L(wij) = aw;; + b. (10.6)
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In particular, if all of the transition in another sequence S’ appears in S, we
have
n—1

Z L(wsi5i+1) = b(n - 1) + azwsi5i+1

i=1

Note how for each ij in .S,

% + € =exp(—L(ws)) < 6;; = exp(—L(wj;)) < exp(—L(wi)) = % + ae.

If 47 is a transition in S, then each transition starting with ¢ that is not in S is
assigned a probability not exceeding % — 75+ The remaining probabilities are
assigned so that none of them exceed % +n.

We now demonstrate that 6 is a stochastic matrix for which S is the only
Viterbi path. If sequence S’ has a transition not in S, then pg is at least the
right-hand side of 10.5, and pgs is at most the left-hand side of 10.5. Thus
ps > pgr. If all the transitions in S’ are in S, then

n— n—
—logps = — Z log 95i5i+1 = Z L(wsi5i+1)

< ZL wss;,,)

10.4 Fully Observed Markov Models

We turn our attention to the fully observed Markov model. The states of a
fully observed Markov model are represented by two alphabets ¥ and X’ of [
and [’ letters, respectively. We parameterize the fully observed Markov model
by a pair of matrices (6,6') with dimensions [ x [ and [ x I’. The entry 6;; is
the transition probability from state 7 € ¥ to state j € X. Entry 9 represents
a transition probability from i € X to j € X'.

The fully observed Markov model generates a pair of sequences S € X*
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and T € X*. Sequence S is generated just the same way that a regular
Markov chain with transition matrix 8 would. Each state in 1" is generated
individually from the corresponding state in S with the transition matrix ¢’.
Thus if S; = o is the ith state in S, then the ith state of T" would be T} = ¢’
with probability € ,. We will call S the state sequence and T the output
sequence of a fully observed sequence (S,T). A fully observed sequence (S, T)
of length n is generated by a fully observed Markov model with transitions
(0,6") with probability

n
psr = 10,7, [ [ 0s._15,65,7, (10.7)
=2

where 71 is the probability of the initial state S;.

In a fully observed Markov model, both transition matrices (6, ) are stochas-
tic. When we don’t require either matrix to be stochastic, we call it a fully
observed toric Markov model.

We now define some terms referring to fully observed sequences of maximal
likelihood. A fully observed Viterbi path of length n of a fully observed Markov
model is the fully observed sequence (S, T') of length n that the fully observed
Markov model generates with the highest probability. If (S, T) and (S’,T") are
two fully observed sequences for which each transition (i, 7) € X x X or (i, j') €
¥ x ¥/ appears in each sequence pair an equal number of times, then we say
that (S,T) and (S’,T") are equivalent. If the only fully observed Viterbi paths
for a fully observed Markov model are (S,T) and any equivalent sequences,
then (S,T) is a fully observed Viterbi sequence. The pair (S,T") will usually
represent the entire equivalence class of sequences. We analogously define a
fully observed toric Viterbi paths and sequences for fully observed toric Markov
models.

We make an immediate observation about fully observed Viterbi sequences:

Lemma 10.6 Let (S,T) be a fully observed (toric) Viterbi sequence. If S; and
Sj are the same state in X, then T; and T; are the same state in X'

Proof Suppose that S; = S;, but T; # T);. We can create two additional output
sequences 7" and 7" in which we set T} = T} = T; and T;" = T} = T;. Then
since psr > ps 1/, we must have

/ / /
HsiTi > HSZ,TZ; - HSZ.T],. (108)
Since we also have ps1 > pgrr, we must also have
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Since S; = S; and T} = T;, we get

.7 > 0.1, (10.10)
contradicting (10.8). O

So if state j € X' appears with state 7 € X in a fully observed Viterbi
sequence (S, T'), then j appears in T' with every instance of 7 in S.

We now prove some properties about the state sequence of a fully observed
toric Viterbi sequence.

Lemma 10.7 The state sequence of every fully observed toric Viterbi sequence
18 a toric Viterbi sequence.

Proof Let S be the state sequence for the fully observed toric Viterbi sequence
(S,T) of a fully observed Markov model M with matrices (6, 6"). Now create
a new toric Markov chain M’ with transition matrix ¢ such that

bij = maxy.;;0’ . (10.11)

Now we show that S is also the only toric Viterbi path of M’. Its probability
is greater than that of any other sequence S’ since the probability of S’ in the
Markov chain is equal to the maximum probability ps 7/ of all fully observed
sequences with state sequence S’. The value pg/ 7 is less than pg 7. O

We finally deduce a criterion for determining whether a fully observed se-
quence is a fully observed Viterbi sequence.

Theorem 10.8 The state sequence S for a fully observed toric Viterbi se-
quence (S, T) is a Viterbi sequence if and only if (S,T) is also a fully observed
Viterbi sequence.

Proof Let S be a Viterbi sequence. Then there is a stochastic matrix 6 for
which S is the only Viterbi path. We also create another stochastic matrix ¢’
in which 6;; = 1 whenever transition ij appears in (S, T). (Recall from Lemma
10.6 that for each i, at most one output state j matches with i.) So for all
other fully observed Viterbi sequences (S’,T"),

pS,T = Ps > Pst 2 pS’,T/' (1012)

Thus (S, T) is a fully observed Viterbi sequence for the fully observed Markov
model with matrices (6,6").

To show the other direction, we assume that the state sequence S is not
a Viterbi sequence. However, we know that S is a toric Viterbi sequence by
Lemma 10.7. Thus S is a pseudo-Viterbi sequence. So there are two cases to
consider:
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Case I. ¥ = {0,1}, and S (or an equivalent sequence) ends with 001 (or
symmetrically, 110). Let A, B € ¥', and 6], and 6] are the maximal prob-
ability transitions from states 0 and 1 in #'. (Note that A and B need not
be distinct.) Then since poo1,44B > Po10,4B4, We must have 0y > 619. Also,

PO01,AAB > P000,4AA; 5O 001015 > 6006) 4. Finally, poo1,44B > Poi1,4BB; SO
90096A > 9119/13. Thus 9019/13 > 9119/13, SO 901 > 911. But then

1 = 0po + 01 > tho + 011 = 1,

which is a contradiction. Thus S is not the state sequence of a fully observed
Viterbi sequence.

Case II: ¥ = {0,1,2}, and S (or an equivalent sequence) ends with 11210
(or any symmetric variant like 00102). Let A, B,C € ¥’ such that 6] 4,6 5,
and @) are the greatest probabilities for transitions from states 0, 1, and 2 in
0. (Once again, A, B, and C need not be distinct.) Since the sequence ends
with 10, we must have

010004 > 01101 5- (10.13)
We also have p11210,BBcBA > P12100,BCBAA, Which implies that
0110} 5 > 00064 (10.14)
From inequalities 10.13 and 10.14, we conclude 0106'0A > 0pof;, ,, which means
610 > boo- (10.15)
And since p11210,BBCBA > P12101,BCBAB, We must also have
011 > bo1. (10.16)

Finally, pi1210,BBCBA > P10210,BABCA, SO

9119129/13 > 91090296A' (10.17)
Combining inequalities 10.17 and 10.13, we get
6106020/
Oy > 222004 5 o, (10.18)
01161

Finally, by combining inequalities 10.15, 10.16, 10.18, we conclude
1 =019+ 011 + 012 > Ogo + o1 + Op2 = 1, (10.19)

which is a contradiction. O



11
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In this chapter, we investigate the ideal of equations involving the probabilities
of observing particular sequences in the hidden Markov model. Two main
techniques for computing this ideal are employed. First, elimination using
Grobner bases is only feasible for small models and yields invariants which
may not be easy to interpret. Second, a technique using linear algebra refined
by two gradings of the ideal of relations. Finally, we interpret and classify
some of the invariants found in this way.

11.1 The Hidden Markov Model

The hidden Markov model was described in Section 1.4.3 as the algebraic sta-
tistical model defined by composing the fully observed Markov model F with
the marginalization p, giving a map po F : ©; ¢ C¢ — CU" | where 0, is
the subset of © defined by requiring row sums equal to one. Here we will write
the hidden Markov model as a composition of three maps, po F o g, beginning
in a coordinate space ®” C R? which parameterizes the I(I — 1) + I(I' — 1)-
dimensional linear subspace ©; lying in the [? + [I’-dimensional space ©, so
that ©; = ¢g(0"). These maps are shown in the following diagrams:

cli-n+i-1) 2 oz —E ol P ol
Cl; ] < Clbi5, 03] <— Clporr] < Clpo]

In the bottom row of the diagram, we have phrased the hidden Markov
model in terms of rings by considering the ring homomorphism ¢g*, F* and
p*. The marginalization map p : C[p;] — C[p, -] expands p, to a sum across
hidden states, p; — >, Por. The fully observed Markov model ring map

F* : Clpo.] — Cl[0;;,06;

Zj] expands each probability in terms of the parameters,

242
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Por 7 Uoioy - b0, 10,057 -+ 05 - . The map g* gives the 0" coordinates

of the © parameters, g* : 8;; — 9,;; for example, in the binary case our final

/ /

parameter ring will be Clz, y, z, w] with the map ¢g* from C[6;;, G;j] given by,
c=0 o=1
N g* c=0 T 1—2z
(0i5) 021(1—1/ y > and
T=0 7=1

’ g* c=0 z 1—=2
(eij) w 021(1—10 w>

As discussed in Section 3.2, the Zariski closure of the image of f :=poFog
is a variety in the space of probability distributions. We are interested in
the ideal I¢ of invariants (polynomials) in C[p;] which vanish on this variety.
By plugging observed data into these invariants (even if we don’t know all of
them) and observing if the result is close to zero, it can be checked whether a
hidden Markov model might be appropriate model. In addition, since this ideal
captures the geometry and the restrictions imposed by the choice of model, it
may be useful for inference. For more on parameter inference for the hidden
Markov model, see Chapter 12.

The equations defining the hidden Markov model are precisely the elements
of the kernel of the composed ring map ¢g* o F* o p*, so one way to investigate
this kernel is to look at the kernels of these maps separately. In other words, if
we have an invariant f in the ring C[p,], and we trace it to its image in C[6;],
at which point does it become zero? In particular we distinguish invariants
which are in the kernel of F* o p* as they have a helpful multigraded struc-
ture not shared by all of the invariants of the constrained model. Mihaescu
[Mihaescu, 2004] has investigated the map F™*. In section 11.4 we trace how
some of the invariants of this map become invariants of the hidden Markov
model map.

11.2 Grobner Bases

Elimination theory provides an algorithm for computing the implicitization of
a polynomial map such as the one corresponding to the hidden Markov model.
We recall the method from Section 3.2.

Let (C[H;/,pT] be the ring containing both the parameter and probability
variables, where the 0;/ are the variables is the final parameter ring. Now let 1
be the ideal I = (p, —(g* 0 F*0p*)(p;)), where (g% o F* o p*)(p;) is pr expanded
as a polynomial in the final parameters, considered as an element of (C[H;/,pT].

Then the ideal of the hidden Markov model is just the elimination ideal
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consisting of elements of I involving only the p,, I. = I N Clp,], and V(I.) is
the smallest variety in probability space containing the image of the hidden
Markov model map. To actually compute I., we compute a Grobner basis G
for I under a term ordering (such as lexicographic) which makes the param-
eter indeterminates “expensive.” Then the elements of G not involving the
parameters form a basis for I.; see Example 3.19.

The computer packages Macaulay 2 [Grayson and Stillman, 2002] as well as
Singular [Greuel et al., 2003] contain optimized routines for computing such
Grobner bases, and so can be used to find the ideal of the implicitization. These
packages are discussed in Section 2.5. However, Grobner basis computations
suffer from intermediate expression swell. In the worst case, the degree of the
polynomials appearing in intermediate steps of the computation is doubly ex-
ponential in the degree of the polynomials defining I [Cox et al., 1997]. Thus,
these methods are only feasible for small models. Perhaps more importantly,
the basis obtained this way tends to involve complex expressions and many
redundant elements, which makes interpretation of the generators’ statistical
meaning difficult.

The three node binary model is the largest model which has succumbed
to a direct application of the Grobner basis method. For the binary, uncon-
strained model (F* o p*, no ¢g*), the computation takes about seven hours on
a dual 2.8GHz, 4 GB RAM machine running Singular and yields the single
polynomial, reported in [Pachter and Sturmfels, 2004a]:

pgnp%oo — P001P011P100P101 — P010P011P100P101 + poooponpfm
+P001P010P011P110 — pooopgnpno — P010P011P100P110 + P001P010P101P110
2 2 2 2
+P001P100P101P110 — P0o00P101P110 — Ppo1P110 T Poo0Po11P110
—p001p310p111 =+ PoooPo1opo11P111 + p301p100p111 + p310p100p111
—PoooPo11P100P111 — p001p%00p111 — P000P001P101P111 + P0o00P100P101P111

+P000P001P110P111 — P000P010P110P111

Note that the polynomial is homogeneous. It is also homogeneous with respect
to a multigrading by the total number of ones and zeros appearing among
the 7s in a given monomial. An implicitization program using linear alge-
braic techniques and a multigrading of the kernel (to be discussed in section
11.3) computes this polynomial in 45 seconds. The relevant commands for the
Singular-based implementation would be:

makemodel (4,2,2); setring R_0; find_relations(4,1);
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The Grobner basis method is very sensitive to the number of ring variables.
Consequently, adding in the constraining map g* makes the 3-node binary
Grobner basis computation much faster, taking only a few seconds.

The variety obtained has dimension 4, as expected, and has degree 11. The
computation yields fourteen generators in the reduced Grobner basis for graded
reverse lexicographic order, though the ideal is in fact generated by a subset
of five generators. One of them (homogenized using the sum of the p.; see
section 11.3) is the following;:

g4 = 22901029%00 + 22901129%00 — P000P100P101 — P001P100P101 + 3P010P100P101
+3po11P100P101 — PlooP101 — PoooPio1 — PooiPlor + Po10PTor + Po11Pio
—22910029%01 - p‘z)(n — Po00oP010P110 — P001P010P110 — pgmpno
—P000P011P110 — P001P011P110 — 2P010P011P110 — pgnpno — PoooP100P110
—P001P100P110 + 2P010P100P110 + 2P011P100P110 + p%oopno — 2pooop101P110
—2p01P101P110 + Po10P101P110 + P011P101P110 — p%mpno - 22900029%10
—2p001PT10 — Po10Pi10 — Po11Pi10 + PL00PT10 + PoooP111 + 2P000Poo1Piil
+p301p111 =+ PoooPo10P111 + P0o01Po10P111 + P0o00Po11P111 + Po01Po11P111
+3po1op100p111 + 3po11P100P111 + p%oopln — P000P101P111 — P001P101P111
+2p010P101P111 + 2P011P101P111 — P1o1P111 — 3P000P110P111
—3p001P110P111 — P010P110P111 — Po11P110P111 + 2P100P110P111 — pooop%n

—p001p%11 + ploop%n

Unfortunately, these generators remain a bit mysterious. We would like to
be able to write down a more intuitive set, which has clear statistical and
geometric meaning. To this end, we turn to alternative methods of finding the
invariants of the model.

11.3 Linear Algebra

We may also consider the implicitization problem as a linear algebra problem
by limiting our search to those generators of the ideal which have degree less
than some bound. As we speculate that the ideal of a binary hidden Markov
model of any length is generated by polynomials of low degree (see Conjecture
11.7) this approach is not too unreasonable. Our implementation in Singular
and C++ is available at www.math.berkeley.edu/~mortonj. In it, we make
use of NTL, a number theory library, for finding exact kernels of integer matrices
[Shoup, 2004], which is in turn made quicker by the GMP library [Swox, 2004] .
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11.3.1 Finding the relations of a statistical model

Turning for a moment to the general implicitization problem, given a poly-
nomial map f with ring map f* : Clp;...p,] — C[f;], we are interested in
calculating the ideal I of relations among the p;. If we denote f(p;) by f;,
[L p}* by p®, and f(p®) by f*, these are all the expressions ), a,p® such that
Y oa0aft=0.

The Grobner basis methods discussed in the previous section will generate
a basis for If but as we have stated these computations quickly become in-
tractable. However by restricting our attention to I¢ s, the ideal of relations
generated by those of degree at most d, there are linear-algebraic methods
which are more practical. As Ir is finitely generated, there is some § such that
we in fact have that I = Ir 5 so eventually these problems coincide. Deciding
which 0 will suffice is a difficult question but some degree bounds are available
in Grobner basis theory.

We begin with the simplest case, namely that of 6 = 1. Let P = {fy :=
1, fi,-.., fyn}. A polynomial relation of degree at most § = 1 is a linear
relation among the f;.

Let M = {m;}k_, is the collection of all monomials in the ; occurring in
P, so we can write each f; in the form f; = Zj B)ijm;. An invariant then
becomes a relation

n k n k k n
Z ai(z Bijm;) = Z Z ;i Biymy; = Z(Z Bijai)m; =0
i=1  j=1 i=1 j=1 j=1 i=1

This polynomial will equal the zero polynomial if and only if the coefficient of
each monomial is zero. Thus all linear relations between the given polynomials
are given by the common solutions to the relations Y ;" B;a; = 0 for j €
{1, ..., k}. To say that such a vector o = («v;) satisfies these relations is to say
it belongs to the kernel of B = (/3;;), the matrix of monomial coefficients, and
so a set of generators for I can be found by computing a linear basis for the
kernel of B. A straightforward method for computing a set of generators for
It s now presents itself: a polynomial relation of degree at most § is a linear
relation between the products of the p;s of degree at most 4, and so we can
simply compute all the polynomials f* and then find linear relations among
them as above.

As exactly computing the kernel of a large matrix is difficult (O(n?)), we will
introduce some refinements to this technique. Some of these are applicable to
any statistical model, while some depend on the structure of the hidden Markov
model in particular.

Suppose we increment the maximum degree, compute the generators of at
most this degree by taking the kernel as above, and repeat. Call the resulting
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list of generators, in the order in which they are found, £. There will be many
generators in £ which, while linearly independent of preceding generators, lie
in the ideal of those generators. We can save steps and produce a shorter list
of generators by eliminating those monomials p® in higher degree that can be
expressed, using previous relations in £, in terms of monomials of lower degree.
This elimination can be accomplished, after each addition of a generator g to
the list £, by deleting all columns which correspond to monomials p® which
are multiples of leading terms of relations so far included in £. In fact, we can
delete all columns whose corresponding monomials lie in the initial ideal of the
ideal generated by the entries of L.

Since f is an algebraic statistical model, we automatically have the trivial
invariant 1 — Y7 | p;. If the constant polynomial 1 is added to our set of
polynomials then this invariant will automatically be found in the degree one
step of the above procedure, and one of the p;s (depending on how they are
ordered) will then be eliminated from all subsequent invariants. However, there
is a better use for this invariant.

Proposition 11.1 Suppose f is an algebraic statistical model, and I¢ is its
ideal of invariants. Then there exists a set L of homogeneous polynomials in
the p; such that {1 =% . p;} UL is a basis for Ig.

Proof By Hilbert’s basis theorem (Theorem 3.2), It has a finite basis B. For
g € B, let 0 be the smallest degree occurring in g; if § is the smallest degree
occurring in g, it is homogeneous. If not, let g5 be the degree § part of g.
Since 1 — >, p; € If, so is (1 — >, pi)ga- Then if we replace g € B with
g— (1 —=>",pi)gq, B still generates If, but g has no degree ¢ part. Repeating
this finitely many times, we have the required L. O

Thus we may restrict our search for invariants to homogeneous polynomials.
We summarize the method we have described in Algorithm 11.6. Let m(d) be
the the set of all degree § monomials in C[p;].

Algorithm 11.2
Input: An algebraic statistical model f and a degree bound DB.
Output: Generators for the ideal I_f up to degree DB.

Step 1: Compute ker(f) by letting I = find-relations(DB)

Subroutine: find-relations(delta):
If delta=1, return(find-linear-relations(m(1), (0));
else I_R = find-relations(delta-1, I_R)
Return(find-linear-relations(m(delta), I_R)

Subroutine: find-linear-relations(m,J):
Delete the monomials in m which lie in the initial ideal of J to form a list P
Write the coefficient matrix M by mapping P to the parameter ring, using the given f
Return the kernel of M as relations among the monomials in P
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11.3.2 Hidden Markov model refinements
In the hidden Markov model, both C[p;] and C[f;;, ;] can be NY-multigraded
by assigning an indeterminate a weight (cq,...cy) where ¢ is the number of
occurrences of output state £ in its subscript. So 6;; will have a weight vector
of all zeros while 9;j will have ¢; = 1 and all other vector entries zero. The key

fact is that this multigrading is preserved by the map F™ o p*.

Proposition 11.3 If f € Clp;| is homogeneous with weight (c1,...cy) then
so is (F* o p*)(f). Thus the kernel of F*p* is also multigraded by this grading.

Proof It will suffice to assume that f is a monomial. Each monomial in the p;
has an image of the form [[>°_ 0oy0, - - .90n710n0;171 . .G;nm and expanding
the product, the same multiset of 7; appear in the subscripts of each resulting
monomial. If f € ker F*p* the images of its terms in C[6;;, G;j] must cancel.
;j, this means that each monomial must
cancel only with others possessed of the same multiset of 7;,. Then the ideal

As there are no relations among the 6

decomposes according to the multigrading. O

In particular note that if f is homogeneous with weight (cy,...,cp) then
>k Ck is n times the degree of f and so the kernel of F*p* is homogeneous in
the usual sense. When we move to the constrained model g*F*p* the above
multigrading is no longer preserved, but by Proposition 11.1, the grading by
degree nearly is. Moreover, any invariants of g* o F™* o p* which fail to be
multigraded must contain all output symbols, since otherwise there will still
be no relations among the appearing 0;; and the proof of Proposition 11.3 goes
through.

Using the multigrading to find the kernel of F* o p* yields an immense
advantage in efficiency. For example in tl;e binary case, in degree ¢, instead of
2"4% —1)

finding the kernel of a matrix with ( columns, we can instead use nd

matrices with at most (n?/;z) = % columns. Computing the ideal of the
four node unconstrained (F* o p*) binary hidden Markov model, intractable
for the Grobner basis method, takes only a few minutes to find the invariants
up to degree 4 using the multigrading. The method yields 43 invariants, 9 of
degree 2, 34 of degree 3, and none of degree 4; the coefficients are small, just
1s and 2s. After building the multigraded kernel for F™* o p*, the full kernel of
g* o F* o p* up to degree 3 can be computed, yielding 21 additional relations
in degree 2 and 10 in degree 3.

A stronger condition on the output letters also holds: the count of each
letter in each position is the same for the positive and negative terms of any
invariant. Thanks to Radu Mihaescu for suggesting the proof.

Proposition 11.4 For a monomial p2, let C(p2) be the matriz of counts with
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i.
J
the number of times symbol i appears in position j among the factors of the
monomial. Then if f =), Bap$ is an invariant of the unconstrained hidden

Markov model, Y, B,C(p%) =0

rows are labeled by output symbols, columns by node number, and entry c

Proof We assume the hidden Markov model has at least two hidden states.
Let f be an invariant, and expand f by the map p* to obtain a sum of terms
in Clpy+]. The kernel of the fully observed Markov model is graded by the
multiset 7" of hidden state transitions, as the image of each T-graded piece fp
in C[6;;,6;;
of each monomial in f, since we sum over all hidden states.

| must be zero. Moreover, every possible T" appears in the expansion

Consider the T in which are hidden state transitions are 1,1 except for a
single 0, 1 transition. Then the factors of any monomials in the T-graded piece
fr must have hidden states consisting of all 1s, except for exactly one factor
which must have a 0 in position 1 and 1 everywhere else. In degree 9§, the
expansion of each monomial of f has § such terms, one for each factor; hence

05>
in position 1 in the corresponding factor. Then the positive and negative parts

the image under F™* of each term has exactly one 0, ., with j the output symbol
fr must have the same count of each output symbol in position 1. But the
counts of output symbols in position one is the same for all T'.

Now let 1" be all 1, 1 transitions except for a single 0, 1 transition and a single
0, 0 transition. Again the only possibility is that the factors of any monomials
in the T-graded piece have hidden states consisting of all 1s, except one with
its first two hidden states 0. Now the positive and negative parts of fr have
the same multiset of output symbols in the union over positions 1 and 2. But
the contents of position 1 are already accounted for, so it must be that the
positive and negative parts have the same count of output symbols in position
2. Proceeding by induction, we have the result for a model of length n. O

To further reduce the number of invariants we must consider, we can also
show that once we have found an invariant, we have found a whole class of
invariants which result from permuting the output alphabet ¥'. We first show
that in the binary case the complement of an invariant will also be an invariant.
Let 7 be the complement of 7 (e.g. 01101 = 10010). Given that 6, (x,y) is the
product of the transition probabilities within o where x = 0y and y = 011, we
can express 05 (x,y) = 0, (y, x) since we are swapping 6o with 611 and 6y, with
010- Similarly, if 6 (z,w) is the product of the transitions between hidden
and observed nodes (and z = 6, w = 0, ), then 6 _(z,w) = 0, (w,2). Then
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pﬂ"(:nayasz) = 290($7y)9;,f(sz)
= D O5(2,9)0 (2, w)
= ZGU(y,:E)HZW(w,z)

= pr(y,z,2,w).

Thus by swapping variables x with y and w with z in an invariant relation, we
produce another invariant that is the complement to the original invariant.

We can generalize the idea of complementation to arbitrarily many states.
The key idea behind complementation is that a particular permutation of the
output state alphabet can be induced by a relabeling of the final parameters.
In fact, any permutation of the output alphabet preserves invariants.

Proposition 11.5 Let w € Sy be a permutation of the output alphabet, and
let 7 be the automorphism of C[p;] induced by 7*(pr) = pr(r). Then if f is in
the kernel of £* = g* o F* o p*, so is 7*(f).

Proof We have two maps from C[p,] to C[6;], namely f* and f* o 7*. If there
exists an automorphism ¢* of C[p,| such that ¢*of*or* = £*, then if £*(f) = 0,
so does f* o w*(f) as ¢ is injective.

Clp,] =6/
A
f’& : ¢

Thus we need only show that for any = € Ssy, there exists such a ¢*. But 7
is equivalent to simply permuting the columns of the matrix ¢g*(#'), which are
labeled by ¥/. Thus we define ¢* to be the map induced by 7 as a permutation
of the columns of g*(#’). Note that ¢* is a ring homomorphism, and in fact an
automorphism of C[0"], as required. O

As an example of the map induced by 7 as a permutation of the columns
in the occasionally dishonest casino, let 7 = (12345). Then ¢* would be
fi = fo,fo = fa,...fs — 1 =3 f;, which implies 1 — > f; — fi, and
similarly for the [;. Note that in the multigraded case, we now need only
look at a representative of each equivalence class (given by partitions of nd
objects into at most I’ places); the proof of Proposition 11.5 works for the
unconstrained case as well. We now revise the algorithm to take into account
these refinements.



Equations Defining Hidden Markov Models 251

Algorithm 11.6

Input: A hidden Markov model f(n,1,1’)=g* F* rho* and a degree bound DB.
Output: Generators for the ideal I_f up to degree DB.

Step 1: Compute ker (Fx rho*) by letting I_u = find-relations(DB, (0), multigraded)
Step 2: Compute ker(gx F* rhox) by letting I = find-relations(DB,I_u,Z-graded)

Subroutine: find-relations(bound delta, ideal I, grading):
If delta=1, return(find-linear-relations(m(1), (0), grading);
else {
I_R = find-relations(delta-1, I_R, grading)
return(find-linear-relations(m(delta), I_R, grading)

}

Subroutine: find-linear-relations(m, J, grading):
Delete the monomials in m which lie in the initial ideal of J to form a list P
If grading=multigrading {
For each multigraded piece P_w of P, modulo permutations of the output alphabet
Write the coefficient matrix M_w by mapping P_w to the parameter ring by F* rhox*
Append to a list K the kernel of M_w as relations among the monomials in P_w

else {
Write the coefficient matrix M by mapping P to the parameter ring by f
Let K be the kernel of M as relations among the monomials in P

}

Return K

While the above suffices as an algorithm to calculate I 5, our goal is to calculate
all of Ir. One could simply calculate I¢ s for increasing ¢, but this would require
a stopping criterion to yield an algorithm. One approach is to bound the degree
using a conjecture based on the linear algebra. We strongly suspect that the
ideals of hidden Markov models of arbitrary length are generated in low degree,
perhaps as low as 3. We can observe directly that this is true of the 3-node
binary model, and the following conjecture of Sturmfels suggests why long
models might be generated in degree 2.

Conjecture 11.7 The ideal of invariants of the binary hidden Markov model
of length n is generated by linear and quadric polynomials if n > 14.

Proof [Idea] Let M be the vector of all monomials occurring in the hidden
Markov model map f*, i.e., the monomials in the support of {f*(p;)}. #(M) <
("5 ("3?) = O(n*), and fourteen is the first n for which 2" > ("31) ("$?).

Represent f* by a matrix B with rows indexed by the coordinates of M and
columns indexed by output strings 7. Then f* = MB.

Hope 1 The rows of B are linearly independent. Then we may choose a
square submatrix A of B which is invertible, corresponding to a set of columns
C. Then f* |c= MAso f | A=' = MI, and every monomial which occurs in
f can in fact be written as a linear combination of the probabilities p,.
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Hope 2 The toric ideal of the map given by expansion of the row labels is
generated by quadrics. These are the the relations that hold on the row labels,
for example, (zy)? — (2%)(y*) which we would write as m2 — mgmyg if our row
labels began 1, z,y, 2z, w, 22, zy, rz, zw, y>, . . .

If Hopes 1 and 2 hold, we have that the ideal of the hidden Markov model
Iy is generated by the kernel of B acting on the right and the quadrics from
Hope 2. 1

Another conjecture is that there are 'no holes’ in the generating sets:

Conjecture 11.8 If It s # 0 is the ideal of invariants in Iy generated by the
invariants of £ of degree less than or equal to 6, and Ig 5 = It 511 then Iy = Ig 5.

While this does not provide an absolute bound on the degree in which I¢ is
generated, it would provide an algorithmic stopping criterion.

11.4 Invariant Interpretation

We discuss two types of invariants of the hidden Markov model, found by the
linear algebra technique, and which admit a statistical interpretation. They
are Permutation Invariants and Determinantal Invariants

As discussed in [Mihaescu, 2004], the unhidden Markov model has certain
simple invariants called shuffling invariants. These are invariants of the form
Po,r — Do,t() Where t is a permutation of 7 which preserves which hidden state
each symbol is output from (clearly such an invariant can be non-trivial only
if there are repeated hidden states in ¢). To translate these invariants to the
hidden Markov model, it is tempting to try to simply sum over o. However,
this is not possible unless every ¢ has repeated hidden states, and even then the
permutation ¢ will depend on o and so one would end up with pr — > pgy_ (r)-
However, if we also sum over certain permutations of 7 then this problem can
be avoided.

Proposition 11.9 Ifo has two identical states then for any T, the polynomial
> (=) Por(r) (11.1)
WGST

18 an tnvariant of the unhidden Markov model.

Proof Suppose that o; = 0 and let t, = (ij). We now have that
Z ( pcr (r) — Z Por(r) = Po,(tom)(T)
TESh TE€EAnR

The result now follows from the fact that each p, r(7) — Poyt, (x(r)) 1S @ shuffling
invariant. Cl
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Corollary 11.10 Ifl <n then

Z (=1)"pr(r)

TEST

18 an tnvariant of the hidden Markov model.

Proof If | < n then any o for the n-node model with [ hidden states will have
some repeated hidden state and so we can choose a t, for every ¢ and sum
over o to get an invariant of the hidden Markov model. O

However, if I’ < n then for any 7, there will be two repeated output states. If
Ty =Ty and t = (Z]) then we have Zwesn(_l)wpﬁ(ﬂ') = ZweAn Pr(r) = P(xt)(r) =
> reA, Pr(r)—Px(r) = 0. So the above corollary gives non-trivial invariants only
when | < n <!’ in which case there are (Z) such invariants, each corresponding
to the set of unique output letters occurring in the subscripts.

Note, however, that we did not actually have to sum over the full set of
permutations of 7 in the above. In Proposition 11.9, any set B C .S; which is
closed under multiplication by t, would suffice and in the corollary, we need
B to be closed under multiplication by every t, for some choice of ¢, for every
o. In particular, if we let F' be a subset of the nodes of our model and let B
be all permutations fixing F' then we will have permutation invariants so long
as | < n — #(F), since we will then have repeated hidden states outside of
I allowing us to choose t, to transpose two identical hidden states outside of
F. This will imply that t{,B = B. Again these permutation invariants will be
non-trivial only if the output states outside of F' are unique and so we will have
permutation invariants for every F' such that | < n—#(F) <!’. In particular,
we will have permutation invariants for every model with [ < min(n,’).

All the linear invariants of the 3-node occasionally dishonest casino (I =
2,1 = 6) are of the type described in Corollary 11.10 while the 4 node ODC
exhibits permutation invariants with fixed nodes. For example,

—P0253 + P0352 + P2053 — P2350 — P3052 1+ P3250

is the sum over permutations of 0, 2, 3 with the third letter, 5, fixed.

11.4.1 Determinantal Invariants

Among the degree three invariants of the binary hidden Markov model discov-
ered using the linear algebra method described in the previous section is the
invariant

P0000P0101P1111 + P0001P0111P1100 + P0011P0100P1101
—P0011P0101P1100 — P0o000P0111P1101 — P0001P0100P1111
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Consider the length n hidden Markov model with [ hidden states and I’
observed states. For i,j € X, 71 € ¥'* and 7, € % let p,,; be the total
probability of outputting 71 and ending in hidden state ¢ and p; -, be the total
probability of starting in state j and outputting 7. Conditional independence
for the hidden Markov model then implies that

l l
Drimy = Z ZpTLieijpjﬂ'z

i=1 j=1

Let P be the ¥ by I"7* matrix whose entries are indexed by pairs (71, 72)
with Py, 7, = Dryry, let F be the [¥ by | matrix with F,, ; = p,,; and let G
be the I by "% matrix with Gjr, = Pjr- Then the conditional independence
statement says exactly that P = FOG.

Since rank(f) = [, this factorization implies that rank(P) < [ or, equiva-
lently, that all of its [+ 1 by [+ 1 minors vanish. These minors provide another
class of invariants which we call determinantal invariants. For example, the
invariant above is the determinant of the matrix

Poooo  Poool  Pooll
Po1oo0 Po101 Poi1ll
P1100 P1101  Pi1111

which occurs as a minor when the four node model is split after the second
node. See Chapter 19 for more on invariants from flattenings along splits.
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In this chapter we study the EM algorithm for hidden Markov models (HMMs).
As discussed in Chapter 1 the EM is an iterative procedure used to obtain
maximum likelihood estimates (MLEs) for the parameters of a statistical model
when only a part of the data is observed and direct estimation of the model
parameters is not possible. An HMM is an example of such a model. The
Baum-Welch algorithm is an efficient way of implementing the EM algorithm
for HMMs. After showing that the Baum-Welch algorithm is equivalent to the
EM algorithm for HMMs we discuss some issues regarding its implementation.
For a few examples of two-state HMMs with binary output we study the exact
form of the likelihood function and look at the paths taken by the EM algorithm
from a number of different starting points.

12.1 The Baum-Welch algorithm

The hidden Markov model was derived in section 1.4.3 from the fully observed
Markov model in section 1.4.2. We will use the same notation as in these sec-
tions, so 0 = 0109 .. .0, € X" is a sequence of states and 7 = 772 .. .7, € (X))
a sequence of output variables. We assume that we observe N sequences of out-
put variables from an HMM of length n, 74,72, ..., 7" where 77 € (X)",j =
1,...,N, but that the corresponding state sequences o', o2, ...,0V, where
ol €¥", j=1,...,N, are not observed (hidden).

The parameters of both the fully observed and hidden Markov models are
an [ x [ matrix 6 of transition probabilities and an [ x I’ matrix of emission
probabilities. The entry 6, represents the probability of transitioning from
state r € X to state s € X, and 6/, represents the probability of emitting the
symbol ¢t € ¥/ when in state r € 3. In Section 1.4.2 it is assumed that there
is a uniform distribution on the first state in each sequence, i.e. Prob(oy =
r) = 1/1,Vr € ¥. We will allow an arbitrary distributions on the initial state.
The initial probability 0y, where r € X is the probability of starting in state r,

255
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i.e., Prob(oy = r) = 6p,, Vr € X, we require that ) .0 = 1. In Proposition
1.18 it is shown that it is easy to solve the maximum likelihood problem for
the fully observed Markov model and the maximum likelihood estimates for
the 0,5 and 0., are given. We will now describe in some detail how they are
calculated, and derive the maximum likelihood estimates for 6,9. Let w be an
[2 ™ matrix such that there is one row corresponding to every combination rs,
where r € 3 and s € X, and one column corresponding to each path o € 3.
The entry w;,s in row rs and column o equals the number of indices 7 such
that o;0;11 = rs in the path 0. Recall that the data matrix is u € N
where u(; ) is the number of times the pair (7, 0) was observed. Let @ be a
vector of length " such that 4, = > 5 U(r,0), 1.€. Uy equals the number of
times the path o was used in the dataset. Let v = w - @ then v, is the number
of times a transition from state r to s was made in the data. The MLE for 6,
is the proportion of times a transition from state r to state s was used out of
all transitions starting in state r,

~ Urs

0 = =, TEXNSEX 12.1
TS ZS/GE 'U,,.S/ I Y ( )
The maximum likelihood estimates for the initial probabilities are obtained
similarly. Let wo,, be a I x (I')" matrix such that wo, is 1 if 01 = r and 0
otherwise. Also let v, = wo, s - Uy. The maximum likelihood estimator for 6y,
is the proportion of times we started in the state r:
~ v
bor = % rey (12.2)
The MLEs for §' are obtained similarly. Let w’ be an (1-1") x (I"™- (I')"™) matrix
such that there is one row corresponding to each pair rt where r € ¥ and t € ¥’

and there is one column for each pair (7,0) of an output sequence 7 € (/)"
/
rt,To

the symbol ¢ is emitted from state r for the pair (7,0). Now let @ be a vector

and a path 0 € ¥". An entry in the matrix, w equals the number of times
of length I - (I')™ which is obtained by concatenating the rows of u into a
vector. Then v = w’ - @ is a column vector of length [ -’ and each entry v/,
equals the number of times the symbol ¢ was emitted from r in the dataset.
The MLE for 6., is the proportion of times the symbol ¢ was emitted when in
state r,

B, = — U emiey (12.3)

" Dvesy Upy ’ '

To calculate the MLEs the full data matrix u is needed, it is however not
available when only the output sequences have been observed. To estimate the
parameters of a HMM we therefore need to use the EM algorithm. In the E-
step the expected value of each entry in u, u, , = % fr.0(0,0"), s calculated
and in the M-step these expected counts are used to obtain updated parameter
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values based on the solution of the maximum likelihood problem for the fully
observed Markov model. Running the EM algorithm the way it is stated in
Section 1.4. involves evaluating (and storing) the matrix f where each entry
fr.0(0,0) is the joint probability of using the path ¢ and observing the output
sequence 7. The matrix is of size (I)"™ x [™ and each entry is a monomial of
degree n(n —1) in [? +1 -1’ variables. This is computationally intensive and re-
quires a lot of memory. We will now write the entries v, and v/, in a way that
is much less compact, but will lead us to a more efficient way of implementing
the EM algorithm using dynamic programming, namely the Baum-Welch al-

gorithm. In the following derivation we write w, » = Z?;ll Iis,0:,1=rs) Where
14 is the indicator function which takes the value 1 if the statement A is true

and 0 otherwise.

Urs = g wrs,o'ﬂcr

gEY
= Z Wrs,o - Z Ur o
oEX Tey!
fr0(0,0")
= Wrs,o - Ur =
2 Z 0.0
= Z f Zwrso chr(e 0/)
rexy *7T
n—1
= 2 T00) f Z Y Loioiii=rs)  fro(6,6")
rexy ?7 i=1 ceX
n—1
= Z ZProbTal—r Oi41 = S)
. 76,5
= Z 0 7 ZProb Tly...Ti, 03 =1) - Prob(oj11 = s|lo; = 1)
= 1
‘Prob(7i11[0i41 = 5) - Prob(rit2, ..., Taloiyr = s)
= Zf ZPI‘Ole,...,Ti,O'Z':T) Ors - Osri
Teyy ~(
'PI‘Ob(TH_Q, .. 7Tn|0i+1 = S)
= > f wa Ors Oy brs(i+1)
rexy 7T

In the last step we introduced two new quantities,

Definition 12.1 The forward probability fw(z’) = Prob(my,..., 7,0, =1)
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is the probability of the observed sequence 7 up to and including 7;, requiring
that we are in state r at position i. The backward probability lN)w(z') =
Prob(7it1,...,mT|o; = r) is the probability of the observed sequence 7 from
T;+1 to the end of the sequence, requiring that we are in state r at position i.

We will return to the forward and backward probabilities later but first we show
how the v].; can be written in terms of the forward and backward probabilities.
We use that w, (o) = >oic1 Loy=rm=t)-

'U;t = Z Z w;t,(ﬂ',cr) ’ 7CL/(TJ)

ceX rex’
= Z Z w;“t,(ﬂ',cr) " U(r,0)
ceX rex’
) w200
- 2; fT Zwrt (1,0) fTU(e 0/)
e !
= Z fq— ZZ (os=r,Ti=t) fTU(e 9/)
TEY i=1 oeX

= E f E Prob(7y, ..., Ti—1,Ti = t, Tit1y -« oy Ty 05 = T)
-~

Tey!

= Zf ZProb Tly ooy Timl, Ti = ty0 =71) - Prob(7i41, .. ., Tplo; = 7)
reyy T _

= Z fT 9 0/ ZfTT : )I(TZ—)

TEY
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Finally
Vor = Z Wor,o Uy

oeX

= Z Wor,o Z Ur, o
gEY ey

fro(6,6)

= Zw(]r,cr ' Z 9 0/
oED P30

- Z Zwo’f‘o' fTa- 0 0/)
TEY frl 9 o)

- Z f 0 0/ ZI(Ul 'r‘ fTa- 0 0/)
rexy 7T

= Z ———Prob(r,01 =71)
TEX! fT(e 0/)

— Z 7 (9 0/)Prob( r) - Prob(ri|o1 = r) - Prob(rs, . .., |01 = 1)
rexy *7T

— Z 907‘97.7— Pl“Ob(Tg, ceey Tn|0'1 = ’]”)
e f7(9 o)

= 00,0, - br (1
7;/ fq_(g 9/) 0 1 ( )

The forward and backward probabilities can be calculated recursively in an
efficient manner. It is easy to show [Durbin et al., 1998] that:

fw(l) = 0. bor forre{l,2,...,1},

fwz = me —1)0s. forie{l,2,....,n}and re{1,2,...,0}
and
brr(n) = 1 forre{l,2,...,1}

lN)w(z') = ZHTS STHNTSZ—I—l) forie {2,...,n}and r € {1,2,... 1}

The probability of the whole sequence can be calculated based on the forward
probabilities, f-(0,0") = > o5, fr.r(n). The matrices f, and b, of forwards and
backwards probabilities are of size [ X n (a total of 2-(I')"-1-n values), and each
entry can be efficiently obtained based on the values in the previous/subsequent
column. This results in a great saving of both computer memory and processor
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time, compared to evaluating the (1) xI™ matrix f where, as was stated before,
each entry is a monomial of degree n(n — 1). Recall that in the EM algorithm
one calculates the expected counts u,, in the F-step and the MLEs for 6 and
0’ in the M- -step. However, in each iteration of the Baum-Welch algorithm the
parameters 6 and 6 are updated in the following steps:

Algorithm 12.2 (Baum-Welch)

Initialization: Pick arbitrary model parameters @S and @/ rt
Recurrence:

Calculate f, (i) and b, ,(i).
Calculate v, and Ul R
Calculate new 6,5, and ',;.

Termination: Stop if change in £, is less than some predefined threshold.

Below we provide pseudo-code for implementing the Baum-Welch algorithm,
it includes the following functions:

forwards_array implements a dynamic programming algorithm to calculate
the forward probabilities (in log-space) for a given output sequence T,
each position 7 in the sequence, and each possible state o;.
backwards_array calculates the backward probabilities in a similar way.
count_transitions calculates v,s using forward and backward probabilities.
count_emissions calculates v/, using forward and backward probabilities.
Baum_Welch implements the Baum_Welch algorithm. Explain?

The values f, (i) and b, (i) are in general very small, small enough to
cause underflow problems on most computer systems. Thus it is necessary to
either scale the values or work with logarithms. It is convenient to work with
logarithms and in fact all calculations in the pseudo-code below are performed
in log-space. To evaluate the sum z 4+ y based on logx and logy without
converting back to x and y we use,

1og(:L" + y) =logx + log(l + elogy—logm)

which is codified in the utility function add_ logs. In the implementation of
the Baum-Welch algorithm below the matrices f, and b, are calculated at the
beginning of each iteration (note that we only need to keep one f- and one b
matrix in memory at any time). One can also use the recursive property of the
forward and backward probabilities to calculate them for each position r and
output sequence 7, as they are needed in the evaluation of v,.s and v/,. This
adds computation time but removes the need for storing the matrices f, and
lN)T. In the code we use S to denote the transition matrix 8 and T to denote
the emission matrix 6’.
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add logs(x, y):
return z + log(1 + exp(y — x))

forwards_array(S, T, sequence, end):
// Allocate memory for matriz of forwards probabilities, of size n X 1
result « allocate_matrix(length[sequence], row_count[S])
for state < 1 to row_count|S]
do
// Start with initial transitions
result|0][state] <« S[0][state] + T'[state][sequence[0]]
// Calculate the value forwards from the start of the sequence
for pos <+ 0 to end
do
// Calculate the next step in the forwards chain
for state < 1 to row_count[S] — 1
do
// Traverse all the paths to the current state
result|[pos|[state] «— result[pos — 1][1] + S[1][state]
for from « 2 to row_count[S] — 1
do
// log formula for summation chains
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result[pos|[state] « addlogs(result[pos|[state], result[pos—1][from]+S|[from]|[state])

// Add in the probability of emitting the symbol
result|[pos|[state] < result[pos][state] + T [state][sequence[pos]]
return result

backwards_array (S, T, sequence, start):
// Allocate matriz of length of sequence vs states
result « allocate_matrix(length[sequence], row_count[S])
for state < 1 to row_count|S]
do
// Start with end transitions
result|[length[sequence]|[state] < S][state][0]
// Calculate the value backwards from end
for pos < length[sequence] — 1 to start
do
for state «— ltorow_count[S] — 1
do
result[pos|[state] < result[pos + 1]|[1] + (S[state][1] + T'[1][sequence[pos]])
for to «— 2 to row_count[S] — 1
do
// log formula for summation chains

result|[pos|[state] «— addlogs(result[pos][state], result[pos + 1][to] + (S[state][to] +

T'[to][sequence[pos]]))
return result

count_transitions(S_counts, S, T, forwards, backwards, sequence):
// Count initial transitions 0-4n
for to < 1 to row_count[S] — 1
do
S_counts|0][to] < S[0][to] + (T [to][sequence[0]] + backwards|to][1])
// Count final transitions n-;0
for from < 1 to row_count[S] — 1
do
S_counts|from][0] < S[from][0] + forwards|from][length[sequence] — 1]
// Count transitions k-3l where k,1!=0
for from < 1 to row_count[S] — 1
do
for to < 1 to row_count[S] — 1
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do

S_counts|from][to] — forwards|from][0]+(S[from][to]+ (T [to][sequence[l]]+backwards|to][1]))
for pos < 1 to length|[sequence] — 2

d

Ov — forwards|from|[pos]+ (S[from][to] + (T [to][sequence[pos]] + backwards|to][pos +
1))
S_counts|from][to] < addlogs(S_counts[from][to],v)
return S_counts

count_emissions(T_counts, T, forwards, backwards, sequence):

// Count initial transitions 0-4n
for state «— 1 to row_count[S] — 1
do

T _counts|state][sequence[0]] < forwards[state][0] + backwards|state][0]
for state «— 1 to row_count[S] — 1
do

for pos < 1 to length[sequence] — 1

do

T _counts|state][sequence[pos]] «+ addlogs(T-counts|state][sequence[pos]], forwards|state][pos]+
backwards|state][pos])

return T _counts

Baum_Welch(S, T, sequences, limit):
last LogLikelihood «— —co
repeat

logLikelihood «— 0

// These are matrices

S_counts « zero_matrix(S)

new_S «— zero_matrix(.S)

T _counts « zeromatrix(T")

new T « zeromatrix(7T)

for s < 0 to length[sequences] — 1

do
sequence «— sequences|s]
// Get the forwards/backwards values for the current sequence € model parameters
forwards «— forwards_array(S, T, sequence, length[sequence] — 1)
backwards < backwards.array(S, T, sequence, 0)
// Calculate sequence probability
seqprob < forwards[1][length[sequence]] + S[1][0]
for state «— 2 to row_count[S] — 1
do

seqprob «— addlogs(segprob, forwards|state]|length[sequence]] + S|state][0])

// Add contribution to log-likelihood
logLikelihood <+ logLikelihood + seqprob
// Calculate the "counts” for this sequence
S_counts < count_transitions(S_counts, S, T, forwards, backwards, sequence)
T _counts < count_emissions(T-counts, T, forwards, backwards, sequence)
// Calculate contribution for this sequence to the transitions
for from < 0 to row_count[S] — 1

do
for to — 1 to row_count[S] — 1
do
if s=0
then
new_S|[from]|[to] < S_counts|from][to] — seqprob
else

new_S[from][to] < addlogs(new_S[from]|[to], S_counts|from][to] — seqprob)
// Calculate contribution for this sequence to the transitions
for sym « 0 to row_count|[T] — 1
do
if s=0
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then
new T [from|[sym] « T_counts|from|[sym]| — seqprob
else
new T [from|[sym] < addlogs(new_T'[from]|[sym], T -counts|from]|[sym]—seqprob)
// We'll stop when the log-likelihood changes a small amount
change < logLikelihood — lastLogLikelihood
until change < limit
return S, T

12.2 Evaluating the likelihood function
The likelihood function for a hidden Markov model is

Lobs — H f7(07 Hl)uT'

TEX)™

Hence L is a polynomial of degree Nn(n—1) whose variables are the unknown
parameters in the matrices 6 and €. It is in general not possible to obtain the
MLEs, 6 and €', directly, so the Baum-Welch algorithm is used. However,
for short Markov chains with few states and output variables it is possible
to obtain the MLEs directly. We will look at a few examples of likelihood
functions that arise from two state HMMs of length 3 with binary output (so
Il =2,n=3,l'=2). If we fix the initial probabilities at 0.5 the model has
4 free parameters. For simplicity, we will denote the transition and emission
probabilities by

0:< x 1—:E> and 9,:< z 1—z>'
1—y Y l—w w

For a fixed set of observed data, the likelihood function L. is a polynomial
in the variables z,y, z, and w. We are interested in maximizing L.ps over the
region 0 < z,y, z, w < 1. More generally, we want to study how many critical
points Lps typically has. We make the following observation; Loys(z, v, 0.5, 0.5)
is constant with respect to x and y and also Lops(z,y, 2, w) = Lops(y, z, 1 —
w, 1 — z) for any z,y, z, w. Therefore the critical points and global maxima of
Lops occur in pairs for the four parameter model.

In the rest of this section, we will look at the likelihood functions for the
six examples listed in the following table. In each example we either fix one
or two of the emission probabilities or impose symmetry constraints on the
transition probabilities, thereby reducing the number of free parameters to 2
or 3 and allowing visualization in 3 dimensions. For each model a data vector
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ur is given.

[ooojoor]otoforrf1o0 |10t 110|111 | N || =2 | w |
Example 1 [ 113 102 80 [ 59 | 53 | 32 [ 28 | 33 [ 500 || 12/17 | 12/17
Example 2 || 26 | 31 [ 44 [ 4 | 9 | 16 [ 40 | 35 [ 205 || 12/17 | 12/17
Example 3 [ 37 [ 20 [ 35 [ 46 [ 29 [ 13 [ 50 | 33 [263 ]| 0.635 | 0.635
Example 4 || 73 | 56 | 49 | 51 | 70 | 53 | 67 | 81 [ 500 | free 0.1
Example 5 || 116 | 88 | 67 [ 85 | 51 [ 37 [ 31 | 25 [500 |z=w|z=w
Example 6 || 37 | 20 | 35 [ 46 | 290 [ 13 [ 50 | 33 [263 |z =w |z=w

In the first three examples we specialize z and w to a constant, so there are
only two free parameters,  and y. Using a Singular implementation, by Luis
Garcia, of the algebraic method for obtaining maximum likelihood estimates
described in Section 3.3, we find that the likelihood function in the first example
has a single critical point (0.68838697,0.33743958), which is a local and global
maximum.

We can plot the likelihood as a function of x and y using MATHEMAT-
ICA, which was introduced in Chapter 2. For simplicity and better precision,
we use 1 instead of 0.5 for the initial probabilities. This only scales the like-
lihood function by a constant and does not change the critical points. The
MATHEMATICA code is:

s[0,0] x; s[0,1] := 1-x; s[1,0] := 1-y; s[1,1] := y;

£[0,0] 12/17; t[0,1] := 5/17; t[1,0] := 5/17; t[1,1] := 12/17;
fli_,j_,k_]:=Sum[t[a,i]*Sum[s[a,b]l*t[b,jl*Sum[s[b,cI*t[c,k],{c,0,1}],{b,0,1}]1,{a,0,1}];
L := Product[Product[Product[f[i,j,k] uli,j,k], {k,0,1}], {j,0,1}], {i,0,1}];

ul[0,0,0] = 113; u[0,0,1] = 102; u[0,1,0] = 80; ul[0,1,1] = 59;

ul[1,0,0] = 53; u[1,0,1] = 32; u[1,1,0] = 28; u[1,1,1] = 33;

Plot3D[L,{x,0,1}, {y,0,1}, PlotPoints -> 60, PlotRange -> All];

The resulting plot can be viewed in the first panel of Figure 12.1. This is a
typical likelihood function for this model. In fact we randomly generated sev-
eral hundred data vectors u, and for each of them we examined the likelihood
as a function of x and y for various values of z = w. There was almost always
only one local maxima. We did find a handful of more interesting examples,
including the ones in Example 2 and Example 3. The following code was used
to generate the data in MATHEMATICA®:

<< Graphics‘Animation®

s[0, 0] := x; s[0, 1] 1-x; s[1, 0] 1-y; sl1, 1] Vs

t[0, 0] := z; t[0, 1] := 1-z; t[1, O] 1-z; t[1, 1] z;
fli_,j_,k_]:=Sum[t[a,il*Sum[s[a,b]l*t[b,jl*Sum[s[b,cI*t[c,k],{c,0,1}],{b,0,1}],{a,0,1}];
L := Product[Product[Product[f[i, j, k]"uli, j, k], {k, 0, 1}], {j, O, 1}, {i, 0, 1}];
For[n = 1, n <= 3, n++,

ul0, 0, 0] = Random[Integer, {1, 50}]; u[0, O, 1] = Random[Integer, {1, 50}];
ul0, 1, 0] = Random[Integer, {1, 50}]; wu[0, 1, 1] = Random[Integer, {1, 50}];
ul[il, 0, 0] = Random[Integer, {1, 50}]; wul[1, O, 1] = Random[Integer, {1, 50}];
ulil, 1, 0] = Random[Integer, {1, 50}]; wul1, 1, 1] = Random[Integer, {1, 50}];
Print[u[0O, O, O], ",", u[O, O, 1], ",", u[O, 1, O], ",",ulO, 1, 1], ",",

1

ul1, o, o1, ",", ul1, 0, 11, ",", ul1, 1, 01, ",", ul1l, 1, 111;
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MoviePlot3D[L, {x, 0, 1},{y, 0, 1}, {z, 0, 1}, PlotPoints -> 40, PlotRange -> All]
]

We obtained the critical points for the likelihood functions as before. For
Example 2 there are three critical points in the unit square 0 < z,y < 1, namely
a local and global maximum at (0.13511114, 0.31536773), a local maximum at
(0.7828824,0.72776217), and a saddle point at (0.61297887,0.61172163). In
Example 3, the unique global maximum occurs on the boundary of the unit
square but there is also a local maximum at (0.65116323,0.7092192) and a
saddle point at (0.27783904,0.55326519). In section 12.3 we will return to
these three examples.

In Examples 4-6 we look at models with three free parameters. It is no
longer possible to obtain the critical values analytically as before, and we can-
not plot a function in three variables. However we can look at level surfaces (3
dimensional contours) of the log-likelihood. For example, the following MATH-
EMATICA code can be used to plot the level surface of the log-likelihood
function in Example 6 at the value —363.5.

<< Graphics‘ContourPlot3D¢
s[0, 0] x; s[0, 1] := 1 - x; s[1, 0] 1 -vy; sl1, 1] Vs
t[0, 0] := z; t[0, 1] =1 - z; t[1, 0] :=1 - z; t[1, 1] := z;
fli_,j_,k_]:=Sum[t[a,i]*Sum[s[a,b]l*t[b,jl*Sum[s[b,cI*t[c,k],{c,0,1}],{b,0,1}]1,{a,0,1}];
logl := Sum[Sum[Sum[uli, j, kl*Loglf[i, j, k11, {k, 0, 1}1, {j, 0, 1}1, {i, 0, 1}];
ul0, 0, 0] = 37; u[0, O, 1] 20; ul0, 1, 0] = 35; ul[0, 1, 1] = 46;
ull, 0, 0] = 29; u[1, 0, 1] 13; ul1, 1, 0] = 50; ul1, 1, 1] = 33;
ContourPlot3D[logL, {x, 0.01, 0.99}, {y, 0.01, 0.99}, {z, 0.01, 0.99},

Contours -> {-363.5}, PlotPoints -> {10, 6}, Axes -> True];

In Example 4, we specialize w to a constant and let z vary. The level sur-
face at —686 can be seen in Figure 12.1. In Examples 5 and 6 we impose
the condition that the emission matrix 6 is symmetric, i.e. z = w. The sym-
metry Lops(z,y, 2z, w) = Lops(y,x,1 — w,1 — z) then becomes Lyys(z,y,z) =
Lops(y, z,1 — z). We can estimate the global and local maxima by picking the
log likelihood value using binary search and checking if the corresponding level
surface is empty. A weakness of this method is that sometimes MATHEMAT-
ICA mistakenly outputs an empty level surface if the resolution is not high
enough. For Example 5 and 6, the level surfaces gets closer to the boundaries
z=w = 0and z = w = 1 as we gradually increase the likelihood value.
Hence there seem to be two global maxima on the boundaries z = w = 0 and
z = w = 1 in each example. In Example 6, there are also two local maxima
on the boundaries x = 0 and y = 0. Example 3 has the same data vector as
Example 6, so it is a "slice” of Example 6.

We did not find any examples where there are local maxima inside the
(hyper)cube, but do not know whether that is true in general. For the two
state HMMs with binary output of length 3 and 4, the coordinate functions
f(r,0)(0, ") have global maxima on the boundaries z = 0,z = 1,w = 0,w = 1.
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We do not know if this will hold true for longer HMMs. This is a question
worth pursuing because we would like to know whether the information about
the location of global maxima of coordinate functions is useful in determining
the location of critical points of likelihood function Lps.

12.3 A general discussion about the EM algorithm

The EM algorithm is usually presented in two steps, the F-step and the M-
step. However for the forthcoming discussion it is convenient to view the EM
algorithm as a map from the parameter space onto itself,

M:0—0, 6 gt

where

6t = M(#') = argmaxy,E [lobs(0|7', o)| o, Ht] )

Where in this section we use 6 to denote the pair (6,60"). By applying the
mapping repeatedly we get a sequence of parameter estimates 1,62, 63, ... s.t.
9!+t = M'(0'). Local maxima of the likelihood function are fixed points of the
mapping M. If 61,602,603, ... — 6* then, by a Taylor expansion,

et—‘,—l o 9* ~ M’(O*)(Gt o 0*)

in the neighborhood of 6*, where M'(6*) is the first derivative of M evalu-
ated at 6% [Salakhutdinov et al., 2003]. This implies that the EM is a linear
iteration algorithm with convergence rate matrix M’(6*), and the convergence
behavior is controlled by the eigenvalues of M’(6*). The convergence speed is
a matter of great practical importance and there is a vast literature available
on the subject, but that discussion is outside the scope of this chapter. More
important than the speed of convergence is where the algorithm converges to.
The EM algorithm is typically run from a number of different starting points
in the hope of finding as many critical points as possible. We can ask questions
such as: in what direction (in the parameter space) does the EM algorithm
move in each step, how does the choice of starting value affect where it con-
verges to and along what path does it travel. Most optimization algorithms
move in the direction of the gradient at each step, so it is natural to compare
the step direction to the direction of the gradient. In fact the updated param-
eter estimates can be written as a function of the parameter estimates from
the previous step of the EM as [Salakhutdinov et al., 2004]:

ot = o' P(OHV,,. (0" (12.4)

where V;, (0") is the gradient of the log-likelihood function evaluated at 6.
The symmetric positive definite matrix P depends on the model, and its form
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for HMMs was derived in [Salakhutdinov et al., 2004]. Note that each step of
the EM algorithm has positive projection onto the gradient of the likelihood
function.

The Baum-Welch algorithm was run from 121 different starting points for
the three examples of 2 parameter models seen above. In the interest of space
we only show the paths that the EM algorithm took for the second example, see
figure 12.3. Each starting value is indicated by a dot and the two local maxima
and the saddle point are indicated with filled circles. None of the paths end at
the saddle point, in about one third of the runs Baum-Welch converges to the
local maxima at (0.783,0.728) and in the other two thirds to the (larger) local
maxima at (0.135,0.315). There seems to be a border going from (0,1) to (1,0)
through the saddle point partitioning the parameter space so that if we start
the Baum-Welch algorithm from any point in the lower section it converges to
(0.135,0.315) but to (0.783,0.728) if we start at any point in the top section.
The Baum-Welch was run from each starting point until the change in log-
likelihood was < 1078, The number of iterations ranged from 66 to 2785 with
an average of 1140. The change in the value of the log-likelihood in each step
gets smaller and smaller, in fact for all starting points the ridge was reached in
10 to 75 steps (usually between 20 and 30). The change in log-likelihood in each
step along the ridge is very small, usually on the order of 1074 —107?. It is thus
important to set the limit for the change of the log-likelihood low enough, or we
would in this case think that we had reached convergence while still somewhere
along the ridge. In figure 12.3 the direction of the gradient has been indicated
with a black line at steps 1,3,5,10,20,...,100, 300,500, 750, 1000, . . ., 5000.
For comparison a contour plot of the likelihood is provided. It is clear that
although the projection of the EM path onto the gradient is always positive,
the steps of the EM are sometimes close to perpendicular to it, especially near
the boundary of the parameter space. However, after reaching the ridge all
paths are in the direction of the gradient. It is worth noting that since the EM
algorithm does not move in the direction of the gradient of the log-likelihood
it will not always converge to the same local maxima as a method based on
gradient ascent run from the same starting point, and that the EM algorithm
does in general display slower convergence than such methods. However the
EM does have the distinct advantage that the updated parameters guaranteed
to stay within the probability simplex. The above discussion also applies to
the first and third examples.
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Fig. 12.1. The three figures on the left show graphs of likelihood functions for the
2—parameter models. The figures on the right show the level surfaces of the likelihood
function for the 3— parameter models.
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Fig. 12.2. Contour plot of the likelihood function for Example 2.
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Fig. 12.3. The paths of the EM algorithm for Example 2. The direction of the gradient
is indicated with black lines.



13
Homology mapping with Markov Random Fields

Anat Caspi

In this chapter we take a different approach to biological sequence comparison.
We look for portions of the sequences that diverged from the same genomic
region in the closest common ancestor, that is, homologous sequences. We
explore this question as a structured data labelling problem, and offer a toric
model formulation. The exact solution in the general toric model is intractable.
However, for a very relevant subclass of this class of models, we find a linear
(non-integer) formulation that can give us the exact integer solution in polyno-
mial time. This is an encouraging result: for a specific, though widely useful,
subclass of toric models in which the joint probability density is structured,
MAP inference is tractable.

13.1 Genome mapping

Evolution through divergence gives rise to different, though related, present-
day genomes that shared common ancestors. Portions of genomes could also
be seen as genomic entities spawned through some pattern of evolutionary
events from a single entity in the ancestral genome. Such genomic portions
(be they gene-coding regions, conserved non-coding regions, etc) that are re-
lated through divergence from a common region in the ancestral genome are
termed homologs. Homology is therefore a relational term asserting the com-
mon ancestry of two genomic components. Since much of our understanding of
phylogeny and evolution comes from a comparative framework, it is important
to accurately identify those homologous genomic entities in order to compare
components that are actually linked by common ancestry. Additional, more
specific, relational descriptors exist to delineate the evolutionary events that
occurred to initiate the divergence between homologs; we leave those outside
the scope of this discussion. Our objective is to create a homology mapping:
a mapping between compared sequences in which an element in one sequence

270
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mapping to an element in another sequence indicates a homologous relationship
between the two.

Earlier comparative studies aimed to map homology at different levels of res-
olution. At low resolution, gene markers, BAC fingerprints, or chromosomal
locations were used to map entire genes on long genomic regions like chro-
mosomes. At high resolution, nucleotide sequence mapping was designed for
the available genomic sequences: usually short regions coding for one or two
genes. Alignment models such as those discussed in chapter 7 were introduced

Note that the pair hidden Markov model introduced assumed collinearity
(i.e., that the sequences compared can be mapped sequentially). This was a
result of adopting local alignment models to align relatively short sequences.
This model design primarily intended to deal with point mutations, rather
than large-scale mutations (like gene inversions, or chromosomal duplication)
which are more likely to be found in longer sequences. Assuming collinearity
places an ordering constraint on the mapping produced.

As entire genome sequences are available, we are interested in mapping
longer sequence regions, and must offer a model that does not imbed the or-
dering constraint. However, biological evidence (see [Marcotte et al., 1999],
[P. and G., 2003]) suggests that as genomes diverge, functional constraints ap-
ply pressure against genome shuffling, inversions, and duplications. As a result,
homologs are more likely to occur in sequential syntenic clumps in the genome.
That is, although we shouldn’t constrain our maps to be ordered, we should
look at genomic context and prefer locally collinear homologs. The model sug-
gested here expresses dependencies among locally interacting portions of the
genome, thereby having an affinity towards locally collinear alignments, but
allows mappings that contain rearrangements like duplications and inversions.

The suggested output is a mapping between the genomic sequences that
is not constrained to preserve the order of the sequences if the most likely
mapping contains a rearrangement. Additionally, the mapping may not be
one-to-one: a single component in one sequence may be mapped non-uniquely
to several components in a second sequence, indicating a genomic duplication
event. Due to these differences from the traditional meaning of a sequence
alignment, we use the term homology mapping to describe the desired output.

We can pose the homology mapping problem as a graph assignment prob-
lem. Let us consider a homolog pair as a single entity, representing a single
divergence occurrence from a particular component in an ancestral sequence.
We call a proposed homolog pair a match— a match ¢, postulates homology
between component a in one sequence, a € S1, with component b in another
sequence, b € S2. The components, a and b, matched by a match need not
be atomic subunits of the sequence (such as a single base-pair), matches could
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be proposed between regions of genomic sequences, or even entire structural
domains.

Given genomic sequences for comparison, we introduce a graph in which
proposed homolog pairs (matches) are nodes. We represent the local context
dependencies among matches in our graph by introducing edges among match
nodes whose components are located within a specified base-pair distance in
the genomic sequence of at least one of the two paired components. This
introduces a notion of locality of a node in the graph- where locality denotes
a neighborhood of genome location.

We can choose to attribute weights to the dependencies among the matches.
Edge weights can quantify associations among matches based on proximity
or genomic distance, match density, orientation, or whether considering both
matches homologs would necessitate particular genomic events (like inversions,
duplications or shuffling) in their divergence pattern. Our objective is to choose
a graph coloring for all the nodes in such a way that the sum of the weights
on the edges connecting like-colored nodes is minimized. A discrete binary
coloring scheme (for example, black and white) is natural to this problem
since there are no partial homologs— components either did (black) or did not
(white) share a common ancestor.

We are interested in solving this discrete labelling task probabilistically.
Assuming a common ancestor between two sequences, we treat evolutionary
events as part of a stochastic biological process that results in many pairs of
homologous diverged genomic components that are distributed according to
stochastically defined local spatial relations. To summarize: the model ought
to capture context-dependent interactions among locally-interacting objects in
a probabilistic manner. This is a an instance of a structured labelling problem.

Markov random fields (MRF) are a stochastic approach to modelling struc-
tured labelling problems. In MRF's, the label class (in our case homolog/non-
homolog) pattern is generated by a random process. The parameters of the
process induce the particular configuration of the correct labelling of the nodes.
The random processes modelled by MRFs provide properties of local depen-
dencies whereby the probability of a specific label (in our case, the probability
that a match is or is not a homolog) is entirely dependent on a local subset of
neighboring labels (in our case, a match is dependent on its immediate genomic
context).

13.2 Markov random fields

Our goal here is to introduce the log-linear Markov Random Field model us-
ing algebraic notation (for a more general exposition of MRFs in algebraic
statistics refer to [Geiger et al., 2002]). The model consists of an underlying
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topology specified by an undirected graph G = (Y, F) (like the one introduced
in example 1.), and a strictly positive probability distribution which factors
according to the graph. Y = {Y7,...,Yx} contains N nodes representing ran-
dom variables. A node i has an assignment o; from a finite alphabet ¥; of
l; = |%;| values or states. For example, if our nodes are binary random vari-
ables (for instance, indicating not homolog or homolog), then ¥y = {0, 1}, as
there are two possible values for each node factors, and |Yy| = Iy = 2. The
state space is the finite and enumerable product space of all possible assign-
ments Y = [[y.cy Xy;. In the case of a uniform alphabet of size Iy for all the
nodes in the graph, this state space comprises of m = |Ey|N = lg possible
assignments.

We turn our attention to the set of edges in the graph. F is a subset of Y XY
Each edge, denoted e;;, is an undirected edge between nodes ¢ and j in Y.
The edges define neighborhood associations in the form of direct dependencies
among nodes. We define the neighborhood of node 7 as the set of all nodes j
to which 4 is connected by an edge, N; = {j | i,j € Y,i # j,e;; € E}. The
neighborhood of i is sometimes referred to as the Markov blanket of i. While
Markov blankets describe the web of associations for a particular node, the
entire graph could be factorized into subsets of maximally connected subgraphs
in G, known as cliques. Cliques vary in size. The set of cliques of size one,
C(G)1={i|i€eY,N; =g} is a subset of the nodes in the graph; the set of
cliques of size two is a subset of the adjacent nodes (or pair-matches), C(G)a =
{(i,7) | 7 € N;,i € Y}; the set of cliques of size three enumerates triples of
neighboring nodes, C(G)s = {(i,4,k) | 1,5,k € Y, eij,€eji, €i € E}, etc. The
collection of all cliques in the graph is C(G) = C(G)1JC(G)2UC(G)sJ- - -
C(G) induces a decomposition of the graph into factors. Decomposing a graph
in this way is instrumental both in understanding dependencies among the
nodes, and in performing efficient inference as will be described below.

Each clique factor of a general Markov random field has a potential function
which associates a non-negative value with each possible assignment of the
nodes in that clique. In the log-linear class of models, the positivity constraint
is imposed on the probability density function which in turn restricts the poten-
tial functions to be strictly positive. This restriction is enforced by expressing
the potential valued functions in the exponential family form e(7(?) where
T'(o) is the sufficient statistic for the family. We denote the potential value
of a particular instance of a clique by ¢, (o¢,), where 0., is an instantiation
of all the nodes in clique ¢;. In the discrete case, the potential function for
each clique ¢; € C(G) could be represented by a contingency matrix, 6%, of k
dimensions (where k is the [size of the clique vs. cardinality of ¢;], |¢;| = k).
6% is indexed by a k-tuple, (01, 09,...0%) where o; € X, the finite alphabet
from which node j € ¢; takes its value. This contingency matrix associates
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a positive value with each possible assignment for all nodes in the clique. As
noted, positive valued potential functions induce strict positivity on the distri-
butions generated by the cliques. Positivity is one of the two main properties
of the random processes that log-linear MRFs model, and is a requirement of
the Hamemrsley-Clifford theorem.

The random processes addressed by all MRF's preserve the Markov property.
Specifically, as noted above, each edge association is a conditional independence
statement which the probability distribution must satisfy. (Let o; denote the
state (or: a particular assignment) for the node i € Y.)

P(oiloy\iy) = P(oilon;) (13.1)

The Markov property states that the probability of a particular labelling for
node i (given the rest of the labelled graph nodes) is only conditioned on the
local Markov blanket of node 7. That is, to assess a node’s conditional prob-
ability, we only need the specification of its local neighborhood. Additionally,
we see that two nodes, 7 and j, that do not share an edge in E must be
conditionally independent because their Markov blankets are disjoint,

P(0j,0jloy\(iy) = Ploilon,)P(ojlon;) Vi, 7| eij

By definition, every node j not in the Markov blanket of i is conditionally
independent of i given the other nodes in the graph:

Note that the set of Markov statements applied to each node i € Y, is the
full set of conditional independence statements M (previously introduced in
(1.63)) necessary and sufficient to specify the undirected graphical model in
its quadratic form.

When the individual node probabilities and their Markov blankets are put
together, the graph factorizes as the maximally connected subgraphs in the
graph, introduced above as C(G). In this class of models, specifying the factor-
ization and the potential function for each factor is tantamount to specifying
the joint probability distribution of all variables for the Markov random field.
Specifically, the log linear probability distribution on a full assignment to the
graph labels, o, is defined as:

where Z is the partition function given by Z =3 cvn [I..cc(g) Pei(0c)-

The probability is only dependent on the exponential family potential func-
tions, and the node assignments in ¢. We can therefore equivalently param-
eterize the model by the collection of contingency matrices, 6%, one for each
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maximally connected subgraph, ¢; € C(G). The probability distribution over
the state space is then defined to be proportional to the product of the param-
eters relevant to the particular model instantiation,

Py(o)oc [[ 0% 1o, = 0c) (13.2)
CiGC(g) “

where I(-) is the boolean indicator function. The proportionality constant is
the partition function as above. The components of # are enumerable. For
instance, in a Markov random field whose nodes take value assignments from
the same alphabet, ¥ such that || = [, the number of (potential values vs.
potential valued functions) in the graph is

d = Z Jleil.

CiGC(g)

We call the cliques in the factorized graph C(G) the model generators, defining
d unknown, positive, model parameters § = {6;,...,604}.

We have characterized a class of undirected graphical models which is log-
linear in the parameter values. Given the finite state space X", we can define
an associated monomial mapping in 6 for each assignment o € 3",

d
fol0) = Poo) = 5 [] 031G € 0)
j=1

Recall that @ is indexed by a generator and its possible instantiation. Hence,
the degree of each 0; is determined by the state of the associated factors in
the assignment. Since every factor must take on one and only one state label,
the degree of all m monomials associated with a valid assignment is the same.
Pooling all such monomials into a single map f, we have specified a toric model
parametrically (for definition of a toric model see 1.26).

1
fiRdHRm, 0 — =5 f1(9)7f2(9)7af (9)
SATION )
We can express each of the monomials, f;, as a column vector, thereby
constructing a design d X m integer matrix, A. As before, the toric model of
A is the image of the orthant 6 = Rio under the map:

f:R* - R™ 0 — (6%, 0%, .. .0%m)

NE

where Z;nzl 0% is the partition function. By construction, the joint probabil-
ity distribution, P, is in the image of the mapping f, and we say that P factors
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according to the model A. Once again we see that Hammersley-Clifford Theo-

rem holds since that a toric model specified by A coincides with any log-linear
MRF as defined above.

13.3 MRF's in homology assignment

We return to the homology assignment problem and illustrate the application
of the MRF model with a simple example.

Example 13.1 Example 2.1 We are given two sequences, S1 and 52, for
which we are to construct a log-linear MRF model.

pos 1 2 3 4 5 6 7 8§ 9 10 11 12 13 14 15 16 17
S1: A A G A C C G C T T G A C T C G G
S2: ¢ ¢ G C T A A G A C T C T A T A T

pos 18 19 20 21 22 23 24 25 26 27 28 29 30
S1: A A A A G G G G C T C — -—
S2: A T A G G C T C C C G C ¢C

Let us propose a match for every pair of perfectly matching 5-mers in the
sequences. We denote a match node as Y; = (51;,.52;), where i enumerates
the nodes, and j, k are the indices pointing to the center of the 5-mer in the
sequences S1 and S2, respectively. Let us define an edge between any two pro-
posed matches whose center indices are within 14 base-pairs of one another on
either of the two sequences. Four matches are proposed for the given sequences.
Let Yi = (513,528), Yé = (5113,5210), Yé = (517,523), Y;l = (512675223)'
The full node set is Y = {Y¥7, Y5, Y3, Y4}, as depicted in Figure (Figure 13.1).
The graph has four nodes, each taking its values from ¥ = {0, 1}, and has a
finite enumerable state space with m = 2% = 16 possible outcomes. We intro-
duce four edges among matches whose centers are within 14 base-paris of one-
another: E = {eq; 21, €23}, €{1,3}, ¢{2,4}}- (Y, E) is a four-node, four-edge
graph, as depicted in (Figure 13.2).

Note the representation of the local context dependencies among matches in
our graph. Match nodes whose assignments are likely to influence each other
(those within a specified base-pair distance), are connected by an edge. Each
node has its own locality, or neighborhood on the graph

Ny = {Y2, Y3}
Ny = {Y1,Y3,Y,}
N3 = {¥1,Yq}
Ny = {Ya}

This induces a factorization on the graph of two maximally connected cliques,
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AGACC/GCTTGACTCGGAAAAGGGG/CTC
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cc@sAc/TCTATATATAGGcéccccc

Fig. 13.1. Example of two sequences, S; and S;. Match nodes are proposed between
every perfectly matched 5-mers in the sequences.

@\ /@ ®

Fig. 13.2. Graph of a Markov random field with two maximal cliques.

one of size three (c; = (Y7, Y2, Y3)), and another of size two (ca = (Y2, Ys)). The
complete set of clique factors in the graph is C(G) = {c1, ca} = {(Y1, Y2, Y3), (Y2, Ya) }.
We expect to parameterize the model with 12 parameters:

d= > llal =aleal g olel =23 4 92 — 12
CiGC(g)

The parameter space consists of the contingency matrices for each clique in the
graph. Each contingency matrix associates a positive value with each possible
assignment on the nodes in the cliques. The parameters contributed by the
two-node clique c¢o is denoted 6°? and is a subset of R%z the space of 2 x 2
matrices whose four entries are positive. Similarly, the parameters contributed
by the three-node clique ¢y is denoted 6! and is a subset of R2>>(<]2><2
of 2 x 2 x 2 matrices whose eight entries are positive. The parameter space for
the entire model @ C R(ZX2x2)+(2x2) consists of all matrices # whose twelve

entries t; are positive. We associate the clique parameters with the model

the space
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parameters as follows.

vty oty ts  ts  tg tr i
0 = (9850 9851 98110 98111 9%0 9%1 9?10 9?1

g tio tin li2
00 = (6 65 0 65
Using this factorization, we can fully characterizes the conditional indepen-
dence relationships among the match nodes. Specifically, we have

P(o1|o2,03,04) = P(o1|02,03)
P(o3|o1,03,04) = P(02|01,03,04)
P(o3|o1,02,04) = P(os|o1,02)

P(04|01702703) = P(04|02) :

There are only 2 pairs of nodes not connected by an edge; the rendered model
is

Mg = {Y1 LYy [{Y3, Y3}, Y5 UL Yy |{Y1, Y2}, }

Each such conditional independence statement can be translated into a system
of quadratic polynomials in R[Y). The representation of independence state-
ments as polynomial equations is an implicit representation of the toric model,
where the common zero set of the polynomials represent the model.

For binary alphabets 3J; the following eight quadric forms compose the set
M, representing the probability distribution from the example above.

P0001P1000 — P0000P1001 » P0001P0010 — P0000P0011 5
Poo11P1010 — P0010P1011 5 P0101P0110 — P0100P0111 5
Po101P1100 — P0100P1101 » P1001P1010 — P1000P1011 ,

Po111P1110 — Po11oP1111 s P1101P1110 — P1100P1111-

This set specifies a model which is a subset of the 15-dimensional simplex A
with coordinates ps,sy050,- The non-negative points on the variety defined
by this set of polynomials represent probability distributions which satisfy the
conditional independence statements in Mg.

The same quadric polynomials can also be determined by the vectors in
the kernel of the parametric matrix d x m model Ag. Each quadric form
corresponds to a vector in the kernel of the design matrix Ag. The columns
of Ag are indexed by the m states in the state space, and the rows represent
the potential values, indexed by a pair consisting of a maximal clique and a
particular assignment possible on that clique, with a separate potential value
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for each possible assignment on the clique; 12 parameters in all. Each column
in Ag represents a possible assignment of the graph.

0000 0001 0010 0011 0100 0101 0110 0111 1000 1001 1010 1011 1100 1101 1110 1111

oo0- 41 1 0 O O O O O O O O O O O 0 O
o0t-f 0 o 1 1 O O O O O O O O O O 0 O
010- o0 o o0 o0 1 1 O O O O O O O O 0 0
1z-y o o o0 o o0 o0 1 1 O O O O O O O O
100-y0 0 0 0o O O O o 1 1 0 0 0 0 0 O
101-y 0 o 0 o o0 O O O O o 1 1 0 0 0 O
110-y 0 0 0 0 O O O O O O O 0 1 1 0 O
111-y 0 o 0 o o0 O O O O O O O O 0 1 1
-0-001. 0 1.0 O O O O 1 o 1 0 0 0 0 O
-0-1y 0 1.0 1 0 O O O O 1 O 1 0 0 0 O
-1.00 0 0 0 0o 1 O 1 o0 O O O O 1 0 1 O
-1-14 0 0 0 0o o0 1 o0 1 O O O O O 1 0 1

The geometry of the model is imbedded in this simplex. Each of the m columns
of A, represents a distinct point in the d-dimensional space. The convex hull
of these points define the polytope f;,(#). Referring back to the toric Markov
chain of chapter 1, we saw that the map f;,, was a k dimensional object inside
the (m — 1) dimensional simplex A which consisted of all probability distri-
butions in the state space [™. The dimension k£ of the polytope is dependent
on the conditionally dependent components, or cliques in the model. In the
modeling literature this is referred to as graph partitions and separators on
the graph.

The equivalence of the expressions of the log-linear Markov distributions
is guaranteed by the important result of the Hammersley-Clifford theorem.
In general, however, without the constraint on strictly positive probability
density functions, p, > 0, the class of toric models is larger than the general
MRF exponential model.

13.4 Tractable MAP Inference in a subclass of MRF's

We return to the homology assignment problem. We wished to find the op-
timal factor assignment for Y. In the case we presented, we have a binary
assignment, designating homolog or not homolog. =~ We note that the graph
topology, conditional dependencies among its factors and potential functions
on the graph (the 6 vector) were obtained by incorporating observations about
the given biological sequences for which we want homology assignments. In
this case, we are interested in the label assignment to the factors in Y that
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maximizes the joint probability of the assignments given the parameter values.
Specifically, we would like to find the mode (peak) of the distribution. This is
called the Maximum A Posteriori (MAP) assignment of the model.

We have already specified the joint probabilities of the assignments FPy(o),
given the parameters of the model in 13.2. In terms of the parameters, the
probability of observing ¢ is the product of the parameters that correspond
to the instantiation of these maximal cliques on the graph normalized by the
partition function. The partition function enumerates (m = |Zy|") possible
assignments, and despite the model factorizing as the graph, calculating the
joint probability is computationally nontrivial. Various mechanisms for esti-
mating the partition function have been suggested. For instance, using Gibbs
distributions, we can obtain a global probability of a labelling by sampling
from the distribution ([Geman and Geman, 1984]). We're interested in an ex-
act MAP solution that is tractable. Tractable MAP computation is possible
for a specific subclass of toric models which is very relevant to the homology
assignment problem and other discrete labelling problems.

First, let us try to simplify the MAP inference computation. We transform
the problem to logarithmic coordinates log(©), where the joint probability
density calculation for every assignment becomes a linear sum:

log(Py(o)) = Z 9;2[(0;. =o.,) — log(Z)
CiGC(g) !

This is the polytope calculated from the m columns of matrix — log(Ag). Com-
puting a vertex on the convex hull of this matrix is the same as tropicalizing
the partition function. This reduces the problem to calculating the convex
hull of —log(Py(0)) and finding the maximal vertex. Evaluating the partition
function is intractable beyond small sized problems because the computation
is exponential in the number of nodes on the graph (for a more detailed dis-
cussion, see chapter 9). This makes computation of the entire joint probability
very difficult. There exists a subclass of log-linear models for which MAP in-
ference can be computed exactly by reformulating the problem as a problem
for which we already have efficient algorithms.

For many integer and combinatorial optimization problem, some very suc-
cessful approximation algorithms are based on linear relaxations, such as branch-
and-cut. In general, these are approximation algorithms. However, for a cer-
tain subclass of the log-linear models called ferromagnetic Ising models, solving
the integer programming problem based on a linear relaxation gives an exact
solution to the problem [Besag, 1986, Kolmogorov and Zabih, 2003]. This sub-
class encodes situations in which locally related variables (nodes in the same
Markov blanket) tend to have the same labelling. In this subclass, the contin-
gency matrix for each generator of the model (maximal clique) is constrained
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to have all of the off-diagonal terms be identically one, and all the diagonal
terms be greater than one. When we take the logarithm of these terms, the
off-diagonal terms vanish, and the diagonal terms are strictly positive. Those
familiar with computer vision or physics literature would recognize this is akin
to the generalized Potts, but with no penalty for assignments that do not have
the same label across edges in the graph.

Recall that the diagonal terms are those which assign the same label to all
the nodes in the same maximal clique. This type of value assignment is known
as guilt by association, since being in the same clique (local neighborhood) has a
positive potential value (hence increasing the likelihood) associated with being
assigned the same value. In the context of the homology assignment, this is a
way of representing an underlying evolutionary process in which homologous
matches are related objects whose homology assignment should be consistent
with other local matches. This kind of attractive assignment is important
in many domains in which different labels have structures of affinities within
local neighborhoods. In our formulation, the different labels can have different
affinities.

To formulate the linear relaxation for solving this problem, we must leave the
realm of toric varieties. The state space now comprises of continuous vectors.
In the implicitization of the model, we maintain the quadric polynomials we
had before (that is, the conditional independence statements remain the same).
We present new polynomials that ensure that a particular value assignment,
(0¢;) = k, on a clique is only possible when all the component nodes j € {¢;}
are assigned the same value, k. The new model is represented by the non-
negative set of the added quadric polynomials (a set of inequalities) rather than
the common zero set of all the polynomials as before. These new constraints
did not add points to the model outside the convex hull of the original toric
model. Hence, the polytope remains the same, only the linear formulation
incorporates more than just the integer lattice vertices in the set of feasible
solutions. Importantly, it has been shown that in the binary case, when a
solution exists, the linear relaxation is guaranteed to produce the same integer
solution as the integer model [Besag, 1986, Kolmogorov and Zabih, 2003]. In
practice, this problem conveniently reduces to a problem known as graph min-
cut, which can be solved exactly in polynomial time only in the number of
nodes on the graph.

This is an encouraging result: for a specific, though widely applicable, sub-
class of toric models in which the joint probability density is structured, MAP
inference is tractable.
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13.5 The Cystic Fibrosis Transmembrane Regulator

The ’greater Cystic Fibrosis Transmembrane Regulator (CFTR) region’ is a
DNA dataset of 12 megabases (Mb) of high-quality sequences from 12 verte-
brate genomes. The data was collected by Thomas et. al. [Thomas et al., 2003],
targeting a genomic region orthologous to a segment of about 1.8 Mb on hu-
man chromosome 7, which encodes 10 genes. One of the genes encodes CFTR,
which is the gene mutated in cystic fibrosis.

The original comparative study successfully identified 98% of the exons as
well as many conserved noncoding sequences. The gene number and order were
found to be mostly conserved across the 12 species, with strikingly variable
amount of noncoding sequences mainly interspersed repeats. Additionally,
the authors identified three insertions (transposons) that are shared between
the primates and rodents, which confirms the close relationship of the two
lineages and highlights the opportunity such data provides for refining species
phylogenies and characterizing the evolutionary process of genomes.

To demonstrate the use of our method, we took the greater CFTR region
from four currently sequenced vertebrate genomes: human, chicken, rat and
mouse.

In practice, our method delineates the sequence matching (see chapter 7)
from the homology mapping aspects of alignment. To produce homolog map-
pings among multiple sequences, we proceed as follows:

(i) Obtain matches (not necessarily identical) between multiple sequences
in advance of the homology mapping: these matches may be pairs of
single base pairs, larger BLAT hits[Kent, 2002], exons, or even complete
genes.

(ii) Construct the constrained Ising model based on the matches (as above).

(iii) Find the MAP assignment using linear programming,.
(iv) Output the nodes that were assigned a value of 1 as homologous matches.

Figure 13.3 displays the CFTR dataset for the four selected genomes. Hor-
izontal shaded bars represent the CFTR region in a fully sequenced chromo-
some. The lines between chromosome bars connecting small segments represent
BLAT[Kent, 2002 output matches.

Our method takes these matches as nodes, and constructs a Markov network
from them. In this particular instance, there are 169 nodes and our network
has nearly six thousand edges. On a (machine spec here) it took 12.18 seconds
to solve the corresponding linear program formulation. The results (that is,
the nodes that were assigned a value of 1, designated as homolog) are depicted
in figure 13.4.

Overall, we have performed this operation on much larger sets of data, with
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Fig. 13.3. BLAT output

0.0 2.0 4.0 6.0 8.0 10.0 12,0 14.0 _16.0 _18.0 20.0
I I I I I I I I I I I I I I I I I I I I 1
. ————— uman_chr7
c chigken_chrl
=
t chr4
| chré

BLAT sequence matches (CFTR region) Created with GenomePixelizer

Fig. 13.4. our MRF MAP output

5 human_chr7

I Tt = e

d chicken_chrl
—r 5 Ira}:t'_chr4

L _— — mowge chré

MRF homology assignment (CFTR region) Created with GenomePixelizer

networks as large as three hundred thousand nodes, and two million edges.

Solution time scales polynomially with the number of nodes.
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Mutagenetic trees are a class of graphical models designed for accumulative
evolutionary processes. We determine the algebraic invariants of mutagenetic
trees and discuss the geometry of mixture models.

14.1 Accumulative Evolutionary Processes

Some evolutionary processes can be described as the accumulation of non-
reversible genetic changes. For example, the progression of tumor development
of several cancer types can be regarded as the accumulation of chromoso-
mal alterations [Vogelstein et al., 1988, Zang, 2001]. This clonal evolutionary
process starts from the set of complete chromosomes and is characterized by
subsequent chromosomal gains and losses or by losses of heterozygosity. Muta-
genetic trees (also called oncogenetic trees in the context of oncogenesis) have
been applied to model the occurrence of chromosome alterations in patients
with renal cancer [Desper et al., 1999, von Heydebreck et al., 2004], ovarian
adenocarcinoma [Simon et al., 2000], and melanoma [Radmacher et al., 2001].
For glioblastoma and prostate cancer, tumor progression along the oncogenetic
tree model has been shown to be an independent marker of patient survival
[Rahnenfiihrer et al., 2005].

Amino acid substitutions may also be modeled as permanent under certain
conditions, such as a very strong selective pressure. For example, the evolution
of human immunodeficiency virus (HIV) under antiviral drug therapy exhibits
this behavior. The development of drug resistance can be regarded as the ac-
cumulation of resistance-conferring mutations. Mixtures of mutagenetic trees
have been applied to data sets obtained from HIV infected patients under differ-
ent antiviral drug regimens [Beerenwinkel et al., 2004, Beerenwinkel et al., 2005a].
This modeling approach has revealed different evolutionary pathways the virus
can take to become resistant, which is important for the design of effective
therapeutic protocols.

284
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In general, we consider clonal evolutionary processes on a finite set of events.
An event can be a genetic alteration, such as the loss of a chromosome arm in
a tumor cell or an amino acid substitution in a protein. We assume that
these changes are permanent. Mutagenetic trees aim at modeling the or-
der and rate of occurrence of these changes. A software package for statis-
tical inference with mutagenetic trees and mixtures of these is described in
[Beerenwinkel et al., 2005b].

14.2 Mutagenetic Trees

Consider n binary random variables X7, ..., X, each indicating the occurrence
of an event. We will represent an observation of X := (X1,...,X,) as a
binary vector i = (iy,...,i,) € Z := {0, 1}", but sometimes use the equivalent
representation by the subset S; C [n] = {1,...,n} of occurred events, i.e.
S; ={v € [n] | iy, = 1}. The inverse of this bijection is simply ig = (1s, 0y g)-
For a subset A C [n] we denote by X4 = (X,)yea the correponding subvector
of random variables taking values in Z4 := {0, 1}4.

A mutagenetic tree T on n events is a connected branching on the set of nodes
V =V(T) = {0} U [n], rooted at node 0. The set of edges in T" is denoted by
E(T). There are (n+1)""! different mutagentic trees on n events. Indeed, the
set of connected rooted branchings on V is in one-to-one correspondence with
the set of undirected labeled trees on n+ 1 nodes, and Cayley’s theorem states
that this set has cardinality (n+1)"~! [Stanley, 1999]. A subbranching of 7 is
a directed subtree of T with the same root node 0. For any subset V' C V we
denote by Ty the induced subgraph. In particular, each state i € Z induces a
subgraph T; := T, of the mutagenetic tree T'. Every node v € [n] has exactly
one entering edge (u,v) € E(T). We call u the parent of v, denoted pa(v) = u.
For V! C V, pa(V”’) is the vector (pa(v)),cy~. Finally, the outgoing edges of a
node u are called the children of u, and this set is denoted ch(u).

For n = 3 events, there are 42 = 16 mutagenetic trees, which fall into
four distinct groups according to the tree topology. Figure 14.1 shows one
mutagenetic tree from each of the four topology classes.

14.2.1 Statistical Model

With each edge (pa(v),v), v € [n], in a mutagenetic tree T, associate a proba-
bility 67, € [0, 1] and a matrix

gv — gralo) _ ( Lo > | (14.1)

v v
1- 11 11
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(a) (b) () (d)
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Fig. 14.1. Mutagenetic trees for n = 3 events (first row), their induced directed forests
(second row) and lattices of compatible states (third row).

Let © = [0,1]", and let A = Agn_; be the 2" — 1 dimensional probability

simplex in R?". Let § = (0},,...,0%) and consider the polynomial map
£ :0 — A, 0 (fi(0),er, defined by fi(6) =]]6; .. (142)
v=1

where we set iy = 1; compare (1.52).

Definition 14.1 The n-dimensional mutagenetic tree model T := £(1)(©) c
A is the fully observed tree model given by the map f(X). This algebraic
statistical model has parameter space © and state space Z.

In the model 7 an event can occur only if all of its ancestor events have already
occurred.

Example 14.2 Let T be the mutagenetic tree in Figure 14.1(b). Then the
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map f(T) has coordinates

fooo(0) = (1—01,)(1—67,)(1 - 63,), f100(0) = 01, (1 — 67),
foo1(0) =0, J101(0) = 0,

for0(0) = (1—07,)6%,(1 - 63)), f110(0) = 01,67, (1 — 63,)
fo(8) = (1= 611)67,6%;, fi1(0) = 61,67,67

From the form of the matrix of transition probabilities in (14.1) and Example
14.2, it is apparent that not all states ¢ € Z may occur with positive probability
in a mutagenetic tree model 7.

Definition 14.3 Let I' C A be a statistical model with state space Z. A state
i € T is compatible with I if there exists p € I' such that p; > 0. Otherwise,
1 is said to be incompatible with I'. The set of all states compatible with I is

denoted C(I).

Lemma 14.4 LetT be a mutagenetic tree. For a state i € T the following are
equivalent:

(i) i € C(T), i-e. i is compatible with T,
(ii) for all v € S;, pa(v) € S; U {0},
(iii) T; is a subbranching of T

Hence, all states i € I are compatible with T if and only if T is a star, i.e.
pa(T) = O[n]

Proof By (14.2) and (14.1),

pi = II  @ora—-e—| x| J[ ox1""|, (143)

v:pa(v)eS;U{0} v:pa(v)€S;

from which the stated claims follow immediately; see also [Beerenwinkel et al., 2004].
O

The following algorithm efficiently generates the set C(7) of compatible
states.

Algorithm 14.5 (Compatible states)

Input: A mutagenetic tree T

Output: The set C(7) of states compatible with 7.

Step 1: Sort the nodes of T in any reverse topological order vy, vy—1, . .., v1, 0.
(For example, use the reverse breadth-first-search order.)
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Step 2: For v = v,,vp_1,...,01:
Let T'(v) be the subtree of T" rooted at v and set

{0,1} if v is a leaf,
{OV(T(v))} U ({111} X Huech(v) Cu> else.

Step 3: Return the Cartesian product C(7) = [[,.uecn(v) Cu-

Cy =

The correctness of the algorithm follows from the fact that the states Zp(,)
compatible with 7 (v) are i = (0,...,0) and those states ¢ with i, = 1 and as
remaining components the free combinations of all states compatible with the
subtree models 7 (u) for each u € ch(v). For all mutagenetic trees on n = 3
events, the sets of compatible states can be read off from the first eight rows
of Table 14.1, in which the symbol e marks incompatible states.

The following Theorem 14.6 connects mutagenetic tree models to directed
graphical models (Bayesian networks) and yields, in particular, that maximum
likelihood estimates of the parameters 67, are rational functions of the data
[Lauritzen, 1996]. The theorem is an immediate consequence of the model
defining equation (14.2) and the theory of graphical models (compare Theorem
1.33 and Remark 1.34). Figure 14.1 illustrates the theorem.

Theorem 14.6 Let T be a mutagenetic tree and p € A a probability distribu-
tion. Then, p € T if and only if p is in the directed graphical model based on
the induced directed forest Tj,,), and p; = 0 for all incompatible states i ¢ C(T).
In particular, if X = (X1,...,X,) is distributed according to £T)(), 6 € ©,
r.e. if

Prob(X =1) = f;(0), Viel,

then

11 —

, _ JProb(X,=1) if pa(v) =0,
Prob(X, =1] X)) =1) else

14.2.2 Algebraic Invariants

The power set of [n]|, which can be written as {S;};ez, forms a poset ordered
by inclusion. Moreover, ({S;}icr,U,N) is a finite distributive lattice. The
corresponding join and meet operations in Z are

iV j i=(max(iy, ju)) e = isius; €L,
iNg ::(min(iv,jv))ve[n] =isns; €L, i,j€T,

and we will subsequently work with the isomorphic lattice (Z, V, A).
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Lemma 14.7 For any mutagenetic tree T, the compatible states (C(7T),V, N)
form a sublattice of T.

Proof We need to verify that ¢,j € C(7) implies that both iV j and i A j are
elements of C(7). This follows from Lemma 14.4 and the fact that 0 € V(T;)
for all i € 7. 1

See Figure 14.1 for examples of lattices of compatible states.

Consider now the polynomial ring R := R[p;, i € Z] generated by the states
i € T. The statistical model 7 is an algebraic variety in A. Let I+ C R
be the ideal of polynomials that vanish on 7. Clearly, the monomial ideals
(pi, 1 € C(T)) lie in I7. In addition, Lemma 14.6 implies that certain polyno-
mials encoding conditional independence statements of 7 lie in I7.

Consider an independence statement X4 1l Xp | X, or ALLB | C for short.
According to Proposition 1.26 in Chapter 1, its ideal of invariants IAJ_LB|C is
generated by the 2 x 2 minors

PisinicPiajnic — PiaigicPiainic = det (pZ,AZ,BZ,C pZ,AJ,BZ,C> 7 (14.4)
Djaipic Pjajpic
for all (’iA, 1B, ic), (jA,jB, ic) SR
The global Markov property [Lauritzen, 1996] on the mutagenetic tree T
states that AL B | C if and only if A is separated from B by C U {0} in T,
i.e. if every path from a node u € A to a node v € B intersects C'U {0}. Let
Lyiobai(ry be the sum of the independence ideals I, || Blc over all statements
A1LB | Cinduced by T'. It turns out that ynai ) is already generated by the
saturated independence statements, i.e. by all ALLB | C with AUBUC = [n];
see also [Geiger et al., 2005]. Note that saturated independence statements
translate into quadratic binomials.
Drawing on previous work on independence ideals in graphical models we
can characterize the ideal I7 of invariants of 7 as follows.

Proposition 14.8

It = Igopnair) + <pi, A C(T)> + < Zpi _ 1>'

1€T

Proof Note that A is separated from B by C'U {0} in 7" if and only if A is
separated from B by C in the induced forest Tj,. The claim follows from
Theorems 6 and 8 in [Garcia et al., 2004] together with Theorem 14.6. O

Using the lattice structure from Lemma 14.7, we can find a much smaller
set of the generators for I7. Table 14.1 illustrates the generators for the trees
on n = 3 events.
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o 2 3 3 2 0 2 3 0 0 0 3 0 2 o0
Invariant \pa(I) 1 3 0 0 1 3 1 0 3 0 3 0 0 1 0 0
11 2 0 0O 1 2 0 2 0 1 0 O 0 O
Pooo
Poo1 e © ¢ o6 - - o o© - o - o
Po1o e o - - o o o - o - o - - o
Po11 e o ¢ - © - ® - - - - e - e
P100 . - e e e e - e o . . e - e
P1o1 e - o o - e - e - e -+ + .« . e
P11o - e - e e e - - e - e - e
P111 .
PooiPoio — PoooPoir © © o - o - o =+ - - - O @ °
PooiP1oo — PoooPior © - © o - o - O - O e - - e O e
Poo1P110 — PoooP111 - : °
PoioP100 — PoooP1io © © - © o o - - O e O e O °
PoioP1o1 — PoooPi11 * - s+ - @ @ °
Poii1Pioo — PooopP111r * - - - @ @ - - °
Po11P101 — Poo1P111 © © O © . . O O e O e O e °
Po11P110 — PooP111 © © - - O O O € O € O - - O e e
pioiPiio — PiooP111 © + © © o O e O O - - e O e O e
Figure 1.1 and 1.2 (d) (c) (b) (a)

Table 14.1. Algebraic invariants for the 16 mutagenetic tree models on n =3
events. Polynomials in the Grobner basis of the ideal of invariants are
indicated by

”e”  polynomials that lie in the ideal are indicated by “o”.

Theorem 14.9 Let T be a mutagenetic tree model. Then its ideal of invari-
ants I7 is generated by the following polynomials:

(i) the monomials p;, i incompatible with T,
(ii) the squarefree quadratic binomials p;p; — PiviPing, © and j compatible
with T, and
(iii) the sum ) ;c7p;i — 1.

Proof Consider i,j € C(T), i # j. By Lemma 14.4, the induced subgraphs T;
and Tj are subbranchings of T. If we define A := S;\ 5, B :=5;\ 5;, and
C =[]\ (AUB) = (5; N S;)U([n]\ (S; U S;)),
then A and B are separated by C' U {0} in T', hence A1LB | C. Setting
(ia,iB,ic) = (14,08, 1s;ns;, O\ (sius;)))s
(Ja,JByic) = (04, 1B, 15,n8;, O\ (5,U8;))
we find that

DiDj — DivjiPinj = PijipicPiajpic — PiajpicPiaipic € Iglobal(T)'
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This establishes the inclusion (p;p; — pivjping, ,J € C(T)) C I7.

To prove that the stated list of polynomials generates I, it suffices to con-
sider a saturated conditional independence statement Al B | C, and to show
that

Ty pc C (pipj — Piviping: ©J € C(T)) + (pi, i € C(T)).
So consider a generator g of I, || BlC
9 = PisigicPiajnic — PisjpicPisigics (1A,1B,1c), (ja, jB,ic) € T.
First, note that
PiqigicPjajpic € (piligC(T)) = PiajpicPiaipic € (pi |1 gC(T)).
Indeed, by Lemma 14.4, k ¢ C(7) if and only if there exists (u,v) € F(T) with
v € V(Ty), but u ¢ V(T}). Since A and B are separated by C' U {0}, such
an edge cannot connect A and B. Therefore, it can only appear in both sets
E(Tisipic) YU E(T),jpic) and E(Tijpi0) U E(T)ipic)-

Assume now that all four states defining g are compatible with 7. Then
Lemma 14.7 implies that their joins and meets are also compatible. Moreover,
tAlplc V JAJBiC =1AJBlC V Jalpic =11V ]
1ALBLC N JAJBIC = 1AJBLC N JAlBic =1\ ]

and we can write

9 = PinigicPiajpic — PiviPing) + (PiviPinj — PisjpicPisipic)
as an element of (p;p; — PivjPing, 4,J € C(T)). O
Example 14.10 Let S be the mutagenetic tree model defined by the star

topology, i.e. the model of complete independence; cf. Figures 14.1(a). Then
S is the intersection of the probability simplex with the Segre variety

n
Vsegre = ﬂ V(Diy.inPiroin = DiriprjiinsrominDteediovinjrsroins 9 € L),
k=1

i.e. the image of the n-fold Segre embedding P x - -- x Pt — P2"~1. To see
this note that the minors defining the Segre variety lie in

<pzpj — PivjiPing, Za] € I> )

because both products of the binomials defining Vsegre have the same join and
meet. Conversely, let i, j € Z, i # j. Then there is a sequence of pairs of states

(i,7) = (i@, 5O, .., D 500Dy = (i v 4,0 A )
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such that for all ] = 1,...,m, both i1 and j(*1) are obtained from () and
7 respectively, by exchanging at most one index. Hence, the telescoping sum

m

Pipj — Pivibin = Y _(DiwDjo) — PiwsnDja+n)
1=0

lies in Isegre-

Our goal is to find a subset of the generators in Theorem 14.9 that forms a
Grobner basis (compare Chapter 3). More precisely, we seek a Grobner basis
for the ideal

Pr .= (pipj — pinjpivj, 1,5 € C(T)) +(pi | 1 € C(T))

generated by the homogeneous polynomials in I7. The lexicographic order of
binary vectors in the state space Z induces the order

P0...0000 > P0...0001 = P0...0010 -~ P0...0011 > P0...0100 = - ** > P1..1111

among the p;, ¢ € Z. With this order of the indeterminates we use a monomial
order in Rp;, i € Z] that selects the underlined terms in the set

G1 =A{pipj — Pivjping; 1,5 € C(T), (iNj) <i<j<(iVj)} (14.5)

as the leading monomials, for example the reverse or the degree-reverse lexi-
cographic order. This monomial order is fixed for the rest of this chapter and
underlies all subsequent results. We first consider the case of the star S.

Lemma 14.11 The polynomials Gs form a Grobner basis for Ps.

Proof Let i,j,k,l € C(S) = T such that i # j and k # [. Then (possibly
after relabeling the four states) there exists u € S; \ S; and v € S\ S;. Set
A :={u,v} and B :=[n]\ A and consider the generic matrix

(p(iAviB))iAEIA7Z’B€IB .
All 2 x 2 minors of this matrix are elements of Gs, and they enjoy the Grébner
basis property. In particular, the S-polynomial
S(pipj — PivjPing, PkPL — PkvIDEAL)

reduces to zero modulo Gs. So, Gs is a Grobner basis for Ps by Buchberger’s
criterion (Theorem 3.10). O

Lemma 14.12 The polynomials G form a Grébner basis for (Gr) = (Gs) N
Rlpi, i € C(T)].
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Proof We first show the Grobner basis property
(LT(97)) = (LT((Gs) NR[pi, 1 € C(T)])) -

Since Gr C Gs NR[p;, i € C(7T)], one inclusion is obvious. For the other one,
let f € (Gs) NR[p;, i € C(T)]. By Lemma 14.11, LT(f) is divisible by LT(g)
for some

g = pipj — PirjPivi € Us.

Since LT(f) € R[p;, ¢ € C(7)], also LT(g) € R[p;, i € C(T)], i.e. i and j are
compatible with 7. But then, by Lemma 14.7, iAj and iV j are also compatible
with 7. Hence, g € Gs NRp;, i € C(T)] = G7.

It remains to show that (Gs) NR[p;, i € C(7T)] = (G7) but this follows from
the Grobner basis property of Gr. O

Theorem 14.13 For any mutagenetic tree T, the set GrU{p; | i € C(T)} is a
reduced Grobner basis for the ideal Pt generated by the homogeneous invariants

of T.

Proof By Buchberger’s criterion we need to show that all S-polynomials S(f, g)
of elements from Gy U {p; | i & C(7T)} reduce to zero. If both f and g are
elements of G7, this follows from Lemma 14.12. Otherwise, the leading terms
of f and g are relatively prime, and hence the S-polynomial reduces to zero.
The Grobner basis is reduced, because for any f € Gr U{p; | i € C(7)},
no monomial of f lies in (LT((Gr U{p; | i €C(7T)})\{f})) by the definition
(14.5) of Gr. [

We note that these results can also be derived from work of [Hibi, 1987] on
algebras with straightening laws on distributive lattices. However, the self-
contained derivation given here emphasizes the unexpected relation to inde-
pendence statements and Bayesian networks.

Theorem 14.13 together with Algorithm 14.5 provides an efficient method for
computing a reduced Grobner basis for the ideal of invariants of a mutagenetic
tree model. This approach does not require implicitization (cf. Section 3.2)
and the computational complexity is linear in the size of the output, i.e. the
size of the Grobner basis.

Proposition 14.14 Let T be a mutagenetic tree on n events.

(i) The number of incompatible states is bounded from above by 2™ —n — 1.
This bound is attained if and only if T is a chain.

(ii) The cardinality of Gr is bounded from above by (2n2+1) —3". This bound
is attained if and only if T is the star S.
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Therefore, the cardinality of the Grébner basis in Theorem 14.13 is at most of
order O(4™).

Proof The number of compatible states is n + 1 for the chain model; cf.
Fig. 14.1(d). Any other tree topology has stricly more compatible states; cf.
Algorithm 14.5. This proves (i).

The polynomials in Gs are indexed by the set of pairs (i,j) € Z? with
(inj)<i<j<(iVj). We write this index set as the difference

{(i,5) € T? | i < j}\{(i,§) € T* | i < j, S; C Sj}. (14.6)

The cardinality of the first set is (2n2+ 1). For the second set, we group subsets

27~k supersets.

according to their cardinality. A subset of cardinality k& has
Hence, the second set has cardinality

- n " /n

> ()7 = ()2 -0

k=0 k=0

Since the second set in (14.6) is contained in the first one, the bound in (ii)
follows. For the tightness note that if (u,v), u # 0, is an edge of T', then the
polynomial indexed by (4, j) with S; = {u} and S; = {v} is not in G7, because
j is not a compatible state. O

14.3 Mixture Models
Let K € Nyg and (77, ...,Tk) be a family of K mutagenetic trees. Define the
map
f(Tl""’TK) : AK—I X @K — A= Agn_l

K
(A0 0y s 3 £ T (R (14.7)

k=1

Definition 14.15 The K-mutagenetic trees mizture model (Ty,...Tg) =
f(TT) (A1 x ©K) € A is given by the map f(T1-Tx), This algebraic
statistical model has parameter space Ax_; x ©K and state space 7.

A state i € T is compatible with the K-mutagenetic trees mixture model
(T, ...,7Tk) if it is compatible with at least one of the mutagenetic tree models
T, = £TW(0), i.e. C(T1, ..., Tk) = U C(Th).

Example 14.16 Consider the family (S,7), where S is the star in Figure
14.1(a) and T the tree in Figure 14.1(b). All states ¢ € 7 are compatible
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with the resulting mixture model (S, 7). Two example coordinates of the map
£057) are

f101(/\7 0, é) = /\9%1(1 - 9%1)9‘%17
fro00(A, 0,0) = A01, (1 — 67)(1— 63)) + (1 — N1, (1 — 67).

The coordinates of the map £(Tt7x) defining a mutagenetic trees mix-
ture model are multilinear (cf. Example 1.7). The EM algorithm described in
Chapter 1 permits to compute the maximum likelihood estimates for mixture
models of mutagenetic trees [Beerenwinkel et al., 2004].

Mutagenetic trees mixture models are, like mixture models in general, diffi-
cult to study algebraically. Let us consider an example.

Example 14.17 Let (77,7T%) be the family of mutagenetic trees defined by
the parent vectors pa(71) = (2,0,0, 3) and pa(72) = (0,0,2,3). The resulting
mixture model (77, 73) is of dimension 8. The reduced degree-reverse lexico-

graphic Grobner basis for the ideal of invariants contains the 6 polynomials p;,
i ¢ C(11,T2) = C(1T1)UC(T2), the sum ), 7 p; — 1, and the degree-5 polynomial

2 2
P0011P0110P0111P1000P1110 — P0010P0111P1000P1110 — Poo11P0110P1100P1110 + - - -

with 51 terms.

14.3.1 Secant Varieties

Consider the family (7',T) of two mutagenetic trees, in which a single tree is
repeated. Then every distribution p € (7,7) is a convex combination of two
distributions pr, p/r € T, i.e. p = Apr + (1 — A\)p/p, X € [0,1]. Therefore, (7,7)
is a subset of the intersection of the probability simplex A with the first secant
variety of f(7)(C?), i.e. the Zariski closure of the set {A\pp + (1 — \)pl | A €
C, pr # vl € C?}. This is the correspondence between mixture models and
secant varieties mentioned on page 1; see also Chapter 3.

If T is a chain, then every node in 7" has at most one child and |C(7)| =
n + 1. The chain model 7 is equal to the n-dimensional variety obtained by
intersecting the probability simplex A with the 2" —n — 1 hyperplanes p; = 0,
i ¢ C(T). Since C(7,7) = C(7T) and T C (7,7) it follows that the chain
mixture model is trivial in the sense that (7,7) =17.

If 7= S is the star, then the mixture model (S,S) is also known as a
naive Bayes model (compare Proposition 14.19). In algebraic terms it is the
first secant variety of the Segre variety. It has been shown that dim(S,S) =
min(2n + 1, 2" — 1) in this case [Catalisano et al., 2002, Garcia, 2004].

Let us consider an example of a tree that is neither a chain nor the star.
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Example 14.18 Let T be the tree over n = 4 events with vector of parents
pa(T) = (2,0,0,3). Then dim(7,7) = 7, whereas dim(7) = 4. The reduced
degree-reverse lexicographic Grobner basis for the ideal of invariants of M
contains the 7 polynomials p;, i ¢ C(7,7) = C(T), the sum ) ,.;p; — 1, as
well as a polynomial of degree 3 with 22 terms.

The K-mutagenetic trees mixture models resulting from repeating a single
tree K times correspond algebraically to the K-th secant variety of the single
tree model. The following proposition and its proof are in analogy to Theorem
14.6.

Proposition 14.19 Let T be a mutagenetic tree and K € Nsg. Let M be
the directed acyclic graph obtained from T by adding the edges (0,v), v € [n],
from the root 0 to every node v. Associating a hidden random variable Xy with
K levels with the root node 0 induces a directed graphical model M with one
hidden variable. Then a probability distribution p € A is in the K-mutagenetic
trees mizture model (T, ..., T) if and only if p € M and p; = 0 for alli & C(T).

14.3.2 The Uniform Star as an Error Model

If the observations contain a state that is incompatible with a tree model
7, then the likelihood function of 7 is constant and equal to zero. Thus,
in the presence of false positives and false negatives the maximum likelihood
tree will often be the star or have a star-like topology despite the fact that
other pathways may be significantly overrepresented in the data. One way to
account for such states is to mix a mutagenetic tree with a uniform star model;
see [Szabo and Boucher, 2002] for an alternative approach.

Definition 14.20 Let S be the star over n events. The 1-dimensional uni-
form star model Syn; := £3n)([0,1]) C A is given by the specialization map
f(s‘“‘i)(en) = f(S) (911, RN 911).

Note that in the uniform star model the n events occur independently with
the same probability. This is our error model.

Algebraically the uniform star model is the intersection of the probabil-
ity simplex with the rational normal curve of degree n, i.e. the image of the
Veronese map P! — P". To see this note that the coordinates of f only de-
pend on the number k = |S;| of occurred events: fi(f11) = 0% (1 — 611)" .
This means that we can identify the ideal Is, , with its image in the ring
Rlpg, k=0, ...,n] under the ring homomorphism induced by i + |S;|. In this
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ring, Is, . is generated by the quadrics (Theorem 14.9)

uni

Py —pﬁpﬁ, ki1 + koiz = l171 + l2j2,

0§k17k27l17l2§27 OS’L.l,’L'Q,jl,jQS’I’L.

These terms are exactly the 2 x 2 minors of the 2 x n matrix

( Po P1 P2 -.- DPn-1 >
pr p2 P3 --- DPn ’
the defining polynomials of the rational normal curve of degree n.

Proposition 14.21 Let n > 3. Then for any n-dimensional mutagenetic tree
model T the mizture model (Suni, 7) has dimension n + 2.

Proof Clearly, dim(Suni, 7) < n + 2 because dim(7) = n and dim(Syni) = 1.
Thus, we have to show that the dimension may not drop below n + 2.
Consider first a tree T' # S. It is easy to see that |Z \ C(7)| > 2, because
n > 3. Choosing two states j, ;' ¢ C(T) such that p; = py =0 forall p € T,
we obtain that the Jacobian matrix J of the map £(5u7) is upper triangular

Jz(AXJT *>, where JT:<6J2> .
0 Jjy 9011 /) ice()\(.g'}, veln]

The matrix Jr depends only on (61,...,0%) and up to deletion of two rows
of zeros it is the Jacobian matrix of the map £(7) and, thus, of full rank in the
interior of the parameter space of (Sypi, 7). The matrix

of; 01
ox 0011
Jj’j/ - 8sz 8sz
ox 0011

depends only on (A, f11) and its determinant equals 1 — A times a univariate
polynomial g(611). Since g has only finitely many roots, it holds almost ev-
erywhere that the matrix Jj ;s is of full rank 2 and the Jacobian J of full rank
n + 2. Therefore, dim(Syni, 7) = n + 2; compare [Geiger et al., 2001].

If T'= S is the star, then we know that the mixture model (Syni,S) is
obtained by parameter specialization from (S,S). As mentioned in Section
14.3.1, dim(S,S) = 2n + 1 and thus the Jacobian of the map £(5:) is of full
rank 2n + 1 almost everywhere. Now it follows from the chain rule that

afi(sunivs) af-(s’s)

_ 1

8911 _ve[n] 895’1 |9§1:9117

which implies that the Jacobian of the map f(5mi9) is of full rank n+2. O
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This chapter is concerned with the description of the Small Trees website which
can be found at the following web address:

http://www.math.tamu.edu/~1gp/small-trees/small-trees.html

The goal of the website is to make available in a unified format various alge-
braic features of different phylogenetic models. In the first section, we describe
a detailed set of notational conventions for describing the phylogenetic models
on trees which are listed on this website. This includes conventions for writ-
ing down the parameterizations given a tree as well as describing the Fourier
transform and writing down phylogenetic invariants in Fourier coordinates.
The second section gives a brief description of each of the types of algebraic
information which are associated to a model and a tree on the Small Trees
website. The third section contains an example of a page on the website. The
final section is concerned with simulation studies of using algebraic invariants
to recover phylogenies using the invariants for the Kimura 3—parameter model.

15.1 Notational Conventions
15.1.1 Labeling trees

We assume that each phylogenetic model is presented with a particular tree T'
together with a figure representing that tree. The figures of trees with up to
five leaves will be the ones that can be found on the Small Trees website.

15.1.1.1 Rooted trees
If T is a rooted tree, there is a distinguished vertex of T called the root and
labeled by the letter . The tree T" should be drawn with the root r at the top
of the figure and the edges of the tree below the root. Each edge in the tree is
labeled with a lowercase letter a, b, ¢, . ... The edges are labeled in alphabetical
order starting at the upper left hand corner, proceeding left to right and top
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to bottom. The leaves are labeled with the numbers 1, 2,3, ... starting with
the left—most leaf and proceeding left to right. Figure 15.1 shows the “giraffe”
tree with four leaves and its labeling.

1 2 3 4

Fig. 15.1. The giraffe tree on four leaves

15.1.1.2 Unrooted trees

If T is an unrooted tree, it should be drawn with the leaves in a circle. The
edges of T are labeled with lower—case letters a, b, c,. .. in alphabetical order
starting at the upper left—hand corner of the figure and proceeding left to right
and top to bottom. The leaves are labeled with the numbers 1,2, 3, ... starting
at the first leaf “left of 12 o’clock” and proceeding counterclockwise around the
perimeter of the tree. Figure 15.2 illustrates this on the “quartet” tree.

Fig. 15.2. The quartet tree on four leaves

15.1.2 Parameterizations

Associated to each node in a model is a random variable with two or four states
depending on whether we are looking at binary data or DNA data. In the case
of binary data these states are {0, 1} and for DNA data they are {A,C, G, T}
in this order.

15.1.2.1 Root Distribution

The root distribution is a vector of length two or four depending on whether
the model is for binary or DNA sequences. The name of this vector is r. Its
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entries are parameters ro, 11,79, ... and are filled in from left to right and are
recycled as the model requires.

Example 15.1 In the general strand symmetric model r always denotes the
vector

r= (T(]a T, T, TO)'

We tacitly assume that the entries in 7 sum to 1, though we do not eliminate
a parameter to take this into account. If the model assumes a uniform root
distribution, then r has the form r = (1/2,1/2) or r = (1/4,1/4,1/4,1/4)
according to whether the model is for binary or DNA data.

15.1.2.2 Transition Matrices

In each type of model, the letters a,b,c,... which label the edges are also
the transition matrices in the model. These are either 2 x2 or 4 x4 matrices
depending on whether the model is a model for binary data or DNA data.
In each case, the matrix is filled from left to right and top to bottom with
unknown parameters, recycling a parameter whenever the model requires it.
For the transition matrix of the edge labeled with x these entries are called
Ty L1y T2y - o

Example 15.2 For example, in the Kimura 3—parameter model the letter a
represents the matrix

ap aip az ag
ap ap asz az
a2 asz ap ai
az az ai ag

The Kimura 2—parameter and Jukes—Cantor models give rise to specializa-
tions of the parameters in the Kimura 3—parameter model, and hence the
letters denoting the parameters are recycled. For instance, the letter ¢ in the
Jukes—Cantor DNA model and the letter d in the Kimura 2-parameter model
represent the following matrices

Chp €1 €1 C1 d() d1 d2 d1
diy do dy do
ciT €1 ¢ C1 d2 d1 d() d1

€1 ¢ €1

c1 ¢ €1 Co di dy di do
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In the general strand symmetric model the letter e always represents the matrix

€p €1 €2 €3

€4 €5 € €7
e =

€7 € €5 €4

€3 €2 €1 €

We assume that the entries of these matrices satisfy additional linear con-
straints which make them into transition matrices. For instance, in the Jukes-
Cantor DNA model, this constraint is ¢y + 3¢y = 1 and in the general strand
symmetric model the two linear relations are ey + e1 + e3 + e3 = 1 and
es +e5 + e +e; = 1. We do not, however, use these linear relations to
eliminate parameters.

15.1.2.3 Molecular Clock Assumption

The molecular clock (MC) assumption for a rooted tree 7' is defined as the
assumption that, for each subtree, along each path from the root of that subtree
to any leave i the product of the transition matrices corresponding to the edges
are identical. As the edges in the path are read down the tree, the matrices
are multiplied left to right.

Example 15.3 For the giraffe tree in Figure 15.1 the MC assumption trans-
lates into the following identities:

a=b=cd=ceand d=ce.

These equalities of products of parameter matrices suggest that some param-
eter matrices should be replaced with products of other parameter matrices
and their inverses. This makes the parameterization involve rational functions
(instead of just polynomials).

Here is a systematic rule for making these replacements. Starting from the
bottom of the tree, make replacements for transition matrices. Each vertex
in the tree induces equalities among products of transition matrices along all
paths emanating downward from this vertex. Among the edges emanating
downward from a given vertex, all but one of the transition matrices for these
edges will be replaced by a product of other transition matrices and their
inverses. When choosing replacements, always replace the transition matrix
which belongs to the shorter path to a leaf. If all such paths have the same
length, replace the matrices which belong to the left most edges emanating
from a vertex.

Example 15.4 In the 4-leaf giraffe tree from the previous example, we replace
the matrix d with e and we replace the matrices a and b with ce. Thus, when
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we write the parameterization in probability coordinates only the letters ¢ and
e will appear in the parameterizing polynomials.

15.1.2.} Specifying the Joint Distribution

The probabilities of the leaf colorations of a tree with n leaves are denoted
by pw where W is a word of length n in the alphabet {0,1} or {A,C, G, T}.
Every probability indeterminate pyy is a polynomial in the parameters of the
model. Two of these probabilities py and py are equivalent if their defining
polynomials are identical. This divides the 2™ or 4™ probabilities into equiva-
lence classes. The elements of each class are ordered lexicographically, and the
classes are ordered lexicographically by their lexicographically first elements.

Example 15.5 For the Jukes—Cantor DNA model with uniform root distri-
bution on a three taxa claw tree there are five equivalence classes:

e Class 1: paaa pccc PGGG PTTT

o Class 2: paac PAAG PAAT PCCA PCCG PCCT PGGA PGGC PGGT PTTA PTTC
prra

e Class 3: paca PAGA PATA PCAC PCGC PCTC PGAG PGCG PGTG PTAT PTCT
prar

o Class 4: pacc PAGG PATT PCAA PCGG PCTT PGAA PGCC PGTT PTAA PTCC
jele!

o Class 5: pacG PACT PAGC PAGT PATC PATG PCAG PCAT PCGA PCGT PCTA
PCTG PGAC PGAT PGCA PGCT PGTA PGTC PTAC PTAG PTCA PTCG PTGA PTGC

For each class ¢ there will be an indeterminate p; which denotes the sum of
the probabilities in the class 7. For these IV probabilities the expression for the
probability p; as a polynomial or rational function in the parameters appears
on the webpage (if these expressions are small enough) or in a separate linked
page for longer expressions.

Example 15.6 In the 3-taxa claw tree with Jukes—Cantor model and uniform
root distribution these indeterminates are:

p1 = agboco + 3arbicy

P2 = 3(10()061 + 3(11()160 + 6(11()161

p3 = 3(10()160 + 3(11()061 + 6(11()161

P4 = 3(11()060 + 3(10()161 + 6(11()161

ps = 6(10()161 + 6(11()061 + 6(11()160 + 6(11()161

Note that p1 +p2+p3+ps+ps = 1 after substituting ag = 1 —3aq, bg = 1—3by
and cg = 1 — 3¢y.
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15.1.3 Fourier Coordinates

Often we will describe these phylogenetic models in an alternate coordinate
system called the Fourier coordinates. This change of coordinates happens
simultaneously on the parameters and on the probability coordinates them-
selves.

15.1.3.1 Full Fourier Transform

Each of the 2" or 4™ Fourier coordinate are denoted by gy where W is a word
in either {0,1} or {A,C, G, T}.
The Fourier transform from py to g is given by the following rule:

Diy iy = Z X (1) - X7 (in) Gy s

j17~~~7jn
1 o .
Gir-in = 17 D> X)X ()i i
j17~~~7jn

Here x* is the character of the group associated to the ith group element.
The character tables of the groups we use, namely Zo and Zy X Zs are:

A C G T

0 1 All 1 1 1
01 1 and c|1 -1 1 -1
111 -1 G| 1 1 -1 -1

T|I1 -1 -1 1

In other words, x%(j) is the (i,j) entry in the appropriate character ta-
ble. One special feature of this transformation is that the Fourier transform
of the joint distribution has a parameterization that can be written in prod-
uct form; we refer to [Evans and Speed, 1993, Sturmfels and Sullivant, 2004,
Székely et al., 1993] for a detailed treatment of the subject. Equivalently, the
Fourier transform simultaneously diagonalizes all transition matrices. There-
fore, we replace the transition matrices a, b, ¢, . . . for diagonal matrices denoted
A, B,C, ..., where A has diagonal elements Ay, Ao, A3, A4; B has diagonal el-
ements By, Bs, Bs, By; etc. Since we will only use the entries of the previous
diagonal matrices, there will be no confusion, for example, between the matrix
A and the base A. Furthermore, these parameters must satisfy the relations
imposed by the corresponding model and the Molecular Clock assumption.
For instance, in the Jukes—Cantor model we have the relations Ay = A3z = Ay,
By = By = By.

The gy are polynomials or rational functions in the transformed parameters.
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They are given parametrically as

o [lecp Me(ke) if 4, =iy +i2 4 -+ - +iy_1 in the group
Tiv-win 0 otherwise

where M, is the corresponding diagonal matrix associated to edge e, and k.
is the sum (in the corresponding group) of the labels at the leaves that are
“beneath” the edge e.

We say that q and g are equivalent if they represent the same polyno-
mial in terms of these parameters. These Fourier coordinates are grouped into
equivalence classes. The elements in the equivalence classes are ordered lexico-
graphically. Most of the Fourier coordinates gy are zero and these are grouped
in class 0. The others are ordered Class 1, Class 2, lexicographically by their
lexicographically first element.

Example 15.7 Here we display the classes of Fourier coordinates for the
Jukes—Cantor DNA model on the 3 leaf claw tree.

Class 0: qaac qaar - ..

Class 1: gaaa

Class 2: qacc 9AGG QATT

Class 3: qcac qcac qrAT

Class 4: qcca qaaa qrTA

Class 5: qcar qorc 9coT 9GTC 9TCG 4TGC

We replace each of the Fourier coordinates in class ¢ by the new Fourier
coordinate ¢;. We take ¢; to be the average of the g in class ¢ since this
operation is better behaved with respect to writing down invariants.

15.1.3.2 Specialized Fourier Transform

We also record explicitly the linear transformation between the p; and the
¢; by recording a certain rational matrix which describes this transformation.
This is the specialized Fourier transform. In general, this matrix will not be a
square matrix. This is because there may be additional linear relations among
the p; which are encoded in the different ¢; classes. Because of this ambiguity,
we also explicitly list the inverse map.

It is possible to obtain the matrix that represents the specialized Fourier
transform from the matrix that represents the full Fourier transform. If M
represents the matrix of the full Fourier transform and N the matrix of the
specialized Fourier transform, then N;;, (the entry indexed by the ith Fourier
class and the jth probability class) is given by the formula:

1
Ni = 1anpy] 2 2 Muw

UeC; WeD;
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where C; is the ith equivalence class of Fourier coordinates and D; is the
jth equivalence class of probability coordinates. We do not include the Oth
equivalence class of Fourier coordinates in the previous formula.

Example 15.8 In the Jukes—Cantor DNA model on the 3 leaf claw tree the
specialized Fourier transform matrix is

11 1 1 1

1 1 1
R I B
T
I =3 -3 1 -3
1 -1 1 _1 1
3 3 3 3

15.2 Description of website features
We give a brief description of the various items described on the website.
Dimension (D): The dimension of the model.

Degree (d): The degree of the model. Algebraically, this is defined as the
number of points in the intersection of the model and a generic (i.e. “random”)
subspace of dimension 4" minus the dimension of the model.

Maximum Likelihood Degree (mld): The maximum likelihood degree of
the model. See section 3.

Number of Probability Coordinates (np): Number of equivalences classes
of the probability coordinates. See the preceding section.

Number of Fourier Coordinates (ng): Number of equivalence classes of
Fourier coordinates without counting Class 0 (see the preceding section). This
is also the dimension of the smallest linear space that contains the model.

Specialized Fourier Transform: See the preceding section for a description.

Phylogenetic Invariants: A list of generators of the prime ideal of phyloge-
netic invariants. These are given in the Fourier coordinates.

Singularity Dimension (sD): The dimension of the set of singular points
on the model.

Singularity Degree (sd): The algebraic degree of the set of singular points
on the model.

15.3 Example
Here we describe the Jukes—Cantor model on the quartet tree (see Figure 15.2)
in more detail.

Dimension: D = 5 (note that there are only 5 independent parameters, one
for each transition matrix.)
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Degree: d = 34.

Number of Probability Coordinates: np = 15 and the classes are repre-
sented by:

p1 = agbocodoeg + 3a1bgcrdieg + 3agbicidger + 3arbicodier + 6a1bicidien,
p2 = 3(apbicodpey + 3arbicidieg + apbocidoer + 2agpbicidoer
+ a1bocodier + 2a1bicodier + 2arboerdier + 4arbicidier),
ps = 3(apbicidpey + abicodieg + 2a1bicrdieg + agbocodper
+ 2apbicrdper + 2a1bicodier + 3arbocrdier + 4ajbicidier),
p4 = 3(aobocidoey + arbocodieg + 2a1bocidieg + agbicodoer
+ 2apbicrdper + 2a1bycodier + Tarbicidier),
ps = 6(apbicidoey + a1bicodieg + 2a1bicidiey + apbicodoer + agbocidoer
+ apbicidoer + arbocodier + aibicodier + 2a1bocidier + 5aibicidier),
pe = 3(arbocidoey + agbocodieg + 2a1bocidieg + ai1bicodoer
+ 2a1b1c1dper + 2a1bicodier + 3apbicidier + 4ajbicidier),
p7 = 3(a1bicidoen + agbicodieg + 2a1bicidiey + arbocodoer + 2a1bicidoer
+ 2a1b1codrer + apbocrdier + 2a1bocrdier + 2apbicidier + 2a1bicidier),
ps = 6(a1bicidoeg + apbicodieg + 2a1bicidiey + arbicodoer
+ arbpcidoer + arbicidoer + arbocodier + arbicodier
+ agbocidier + arbpcrdier + 2apbicidier + 3aibicidier),
P9 = 3(a1bicodoen + apbicidieg + 2a1bicidiey + arboerdoer + 2a1bicidoey
+ apbocodier + 2a1bicodier + 2a1bocrdier + 2apbicidier + 2a1bicidier),
P10 = 3(a1bocodoey + agbocidieg + 2a1bocrdreg + 3arbicidoer
+ agbicodier + 2a1bicodier + 2apbicidier + 4aibicidier),
p11 = 6(a1bicodoeg + apbicidieg + 2a1bicidieg + arbocidoer
+ 2a1bicidoer + arbocodier + agbicodier + arbicodier
+ agbocidier + arbpcidier + apbicidier + 3aibicidier),
p12 = 6(aibicidoeq + arbicodieg + agbicidieg + arbicidieg
+ a1bicodper + arbocidper + arbicidoer + apbocodier
+ ar1bicodier + 2a1bpcidier + 2apbicidier + 3aibicidier),
P13 = 6(a1bicidoeg + arbicodieg + apbicidieg + arbicidieg
+ aibocodoer + 2a1bicidoer + apbicodier + arbicodier
+ agbpcrdier + 2a1bgcrdier + apbicrdier + 3aibicidier),



Catalog of Small Trees 307

P14 = 6(a1bocidoeg + arbocodieg + apbocidieg + arbocidieg + ai1bicodoes

+ 2a1bicidper + apbicodier + arbicodier + 2apbicidier + 5aibicidier),
p15 = 6(a1bicrdoey + arbicodiey + agbicidieg + arbicidieg + a1bicodper

+ arbgcrdper + arbicidoer + arbocodier + agbicodier + agbocidier

+ arbocrdier + apbicidier + 4arbicidier).

Number of Fourier Coordinates: ng = 13. The classes are:

q1 = qAAAA,
42 = qAACC, QAAGG, QAATT,
43 = qACAC AGAG AT AT,
q4 = qACCA, AGGA; QATT A,
45 = JACGT, QACTG, QAGCT s YAGTC YATCG , 4ATGC
46 = ACAAC AGAAG 4T AAT
q7 = qCACA, dGAGA, QT AT A,
48 = qCAGT, QCATG, QGACT s YGATC, T ACG , 4T AGC
9 = qCCAA; GGAA, qTTAA,
qi0 = qcccec, 4CCGa, 4eCTT, 4GGCC , IGGGG , 4GGTT
qrTCC, dTTGG, 4TTTT,
Q11 = qCGAT , QCTAG, QGCAT » qGT AC, QT CAG, TG AC
12 = 4CcGea, 4CGGC, 4eTeT, 4eTTC, 4GCCG , 4GCGO
dGTGT, 4GTTG, 4TCCT, dTCTC, 4TGGT s ATGT G,
413 = qCGT A, QCTGA, QGCT A, QGTCA, TCGA, TGCA-

Specialized Fourier Transform:
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Phylogenetic Invariants: We computed the phylogenetic invariants using
the results of [Sturmfels and Sullivant, 2004]. The invariants of degree 2 are:

q1910 — 4299, 4397 — 44496, 4398 — 4546,
44498 — 45497, 43913 — 44911, g3912 — g5411,
q4912 — 454913, 464913 — 474911, 46412 — 48411,
qrq12 — 48q13-

The invariants of degree 3 associated to the left interior vertex are:

41911911 — 439649, 91911913 — 439799, 91911912 — 434899,
414913911 — 4449699, 91913913 — 4497499, 41913912 — 444899,
41912911 — 459649, 91912913 — 459799, 91912912 — 454899,
424911911 — 4396410, 92911913 — 43974910, 92411912 — 4348410,
424913911 — 44496410, 92913913 — 44974910, 92413912 — 4448410,
4249124911 — 4596410, 92912913 — 45974910, 92412912 — 4548410-

The invariants of degree 3 associated to the right interior vertex are:

4149595 — 439492, 419598 — 439792, 9195912 — 4341342,
414895 — 469492, 419898 — 4649792, 9198912 — 4641392,
4191295 — 4119492, 9191298 — 4119792, 41912912 — 41191392,
49949595 — 4394910, 999598 — 43974910, 9995912 — 43413410,
494895 — 46494910, 999898 — 46474910, 9998912 — 46413410,
4991295 — 41194910, 9991298 — 411974910, 99912912 — ¢11413410-
The maximum likelihood degree, the singularity dimension and the singular-

ity degree are computationally difficult to achieve and we have not been able
to compute them using computer algebra programs.

15.4 Using the invariants

In this section we report some of the experiments we have made for inferring
small trees using phylogenetic invariants. These experiments were made using
the invariants for trees with 4 taxa on the Kimura 3—parameter model that can
be found in our website [Casanellas et al., 2004] which were computed using
the Sturmfels—Sullivant theorem [Sturmfels and Sullivant, 2004]. The results
obtained show that phylogenetic invariants are an efficient method for tree
reconstruction.
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We implemented an algorithm that performs the following tasks. Given 4
DNA sequences s1, so, s3, S4, it first counts the number of occurrences of each
pattern for the topology ((s1, $2), 3, 84). Then it changes these absolute fre-
quencies to Fourier coordinates. From this, we have the Fourier transforms in
the other two possible topologies for trees with 4 species. We then evaluate all
the phylogenetic invariants for the Kimura 3—parameter model in the Fourier
coordinates of each tree topology. We call s? the absolute value of this eval-
uation for the polynomial f and tree topology 7. From these values {s?} e
we produce a score for each tree topology 7', namely s(T) = > 7 |s?| The
algorithm then chooses the topology that has minimum score.

There was an attempt to define the score as the Euclidean norm of the
values s?, but from our experiments, we deduced that the 1-norm chosen
above performs better.

We then tested this algorithm for different sets of sequences. We used the
program evolver from the package PAML [Yang, 1997] to generate sequences
according to the Kimura 2-parameter model with transition/transversion ratio
equal to 2 (typical value of mammalian DNA). In what follows we describe the
different tests we made and the results we obtained.

We generated 4-taxa trees with random branch lengths uniformly distributed
between 0 and 1. We performed 600 tests for sequences of lengths between
1000 and 10,000. The percentage of trees correctly reconstructed can be seen
in Figure 15.3.

We observed that our method fails to reconstruct the right tree mainly when
the length of the interior edge of the tree is small compared to the other branch
lengths. More precisely, in the trees that cannot be correctly inferred, the
length of the interior edge is about 10% the average length of the other edges.

Our method was also tested by letting the edge lengths be normally dis-
tributed with a given mean pu. We chose the values 0.25,0.05,0.005 for the
mean p, following [John et al., 2003]. We also let the standard deviation be
0.1p. In this case, we tested DNA sequences of lengths ranging from 50 to
10,000. Here, we only display the results for sequences of length up to 1000, be-
cause we checked that for larger sequences, we always infer the correct tree. For
each sequence length in {50, 100, 200, 300, 400, 500, 600, 700, 800, 900, 1000}, we
generated edge lengths normally distributed with mean p using the data analy-
sis program R [R Development Core Team, 2004]. Consequently, we generated
100 sequences for each mean and sequence length. The results are presented
in Figure 15.4.

From Figure 15.4, we see that for p = 0.25 or g = 0.05, it is enough to
consider sequences of length 200 to obtain a 100% efficiency. A much smaller
mean such as p = 0.0005 was also tested. In this case, an efficiency over 90%
was only obtained for sequences of length > 3000.
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Uniformly distributed edge lengths in (0,1)

e

Percentage of trees inferred correctly
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Sequence length

Fig. 15.3. Percentage of trees correctly reconstructed with random branch lengths
uniformly distributed between 0 and 1.
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Fig. 15.4. Percentage of trees correctly reconstructed with edge lengths normally dis-
tributed with mean equal to 0.25, 0.05, 0.005.

The method presented here is by no means the unique form of using these
invariants, so different ways of using them can even improve the tests.
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16
The Strand Symmetric Model

Marta Casanellas

Seth Sullivant

16.1 Introduction

This chapter is devoted to the study of strand symmetric Markov models
on trees from the standpoint of algebraic statistics. By a strand symmetric
Markov model, we mean one whose mutation structure reflects the symmetry
induced by the double-stranded structure of DNA. In particular, a strand sym-
metric model for DNA must have the following equalities of probabilities in
the root distribution:

T4 =7 and 1o = T
and the following equalities of probabilities in the transition matrices (6;;)

0aa = Or1,04c = 076,040 = O1C, 0aT = O74,

bca = Oar,0cc = baa,0ca = Oac,cr = Oga.

Important special cases of strand symmetric Markov models are the group-
based phylogenetic models including the Jukes-Cantor model and the Kimura
2 and 3 parameter models. The general strand symmetric model or in this
chapter just the strand symmetric model (SSM) has only these eight equalities
of probabilities in the transition matrices and no further restriction on the
transition probabilities. Thus, for each edge in the corresponding phylogenetic
model, there are 6 free parameters.

For the standard group-based models (i.e. Jukes-Cantor and Kimura), the
transition matrices and the entire parametrization can be simultaneously diag-
onalized by means of the Fourier transform of the group Zs X Zo
[Evans and Speed, 1993, Székely et al., 1993]. Besides the practical uses of the
Fourier transform for group based models (see for example
[Semple and Steel, 2003]), this diagonalization of the group-based models
makes it possible to compute phylogenetic invariants for these models, by re-
ducing the problem to the claw tree K 3 [Sturmfels and Yu, 2004]. Our goal

312
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in this chapter is to extend the Fourier transform from group-based models to
the strand symmetric model. This is carried out in Section 16.2.

In Section 16.3 we focus in on the case of the three taxa tree. The com-
putation of phylogenetic invariants for the SSM in the Fourier coordinates is
still not complete, though we report on what is known about these invariants.
In particular, we describe all invariants of degree three and four. Section 16.5
is concerned with extending known invariants from the three taxa tree to an
arbitrary tree. In particular, we describe how to extend the given degree three
and four invariants from Section 16.3 to an arbitrary binary tree. To do this,
we introduce G-tensors and explore their properties in Section 16.4.

In Section 16.6, we take up the task of extending the “gluing” results for
phylogentic invariants which appear both in the work of Allman and Rhodes
[Allman and Rhodes, 2004a] and Sturmfels and Sullivant
[Sturmfels and Sullivant, 2004]. Our exposition and inspiration mainly comes
from the work of Allman and Rhodes and we deduce that the problem of
determining defining phylogenetic invariants for the strand symmetric model
reduces to finding phylogenetic invariants for the claw tree K; 3. Here defining
means a set of polynomials which generate the ideal of invariants up to rad-
ical; that is, defining invariants have the same zero set as the whole ideal of
invariants. This result is achieved by proving some “block diagonal” versions
of results which appear in the Allman and Rhodes paper. This line of attack
is the heart of Sections 16.4 and 16.6.

16.2 Matrix-Valued Fourier Transform

In this section we introduce the matrix-valued group-based models and show
that the strand symmetric model is a matrix-valued group-based model. Then
we describe the matrix-valued Fourier transform and the resulting simplifica-
tion in the parametrization of these models. We make special emphasis on the
strand symmetric model.

Let T be a rooted tree with n taxa. First, we wish to describe the random
variables associated to each vertex in the tree in the matrix-valued group-based
models. Each random variable X, takes on kl states where k is the cardinality
of a finite abelian group G. The states of the random variable are 2-ples (JZ)
where j € Gand i€ {0,1,...,1—1}.

Associated to the root node R in the tree is the root distribution Rﬁ For
each edge F of T the double indexed set of parameters Efllfj is the transition
matrix associated to this edge. We use the convention that F is both the
edge and the transition matrix associated to that edge, to avoid the need

for introducing a third index on the matrices. Thus Efllfj is the conditional
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probability of making a transition from state (ﬁ) to state (zz) along the edge
E.

Definition 16.1 A phylogenetic model is a matriz-valued group-based model
if for each edge, the matrix transition probabilities satisfy

Bl = B
when j; — jo = j3 — ja (where the difference is taken in G) and the root
distribution probabilities satisfy RJ* = R’?.

Example 16.2 Consider the strand symmetric model and make the identifi-
cation of the states A = (8), G = ((1]), T = ((1]), and C' = G) One can check
directly from the definitions that the strand symmetric model is a matrix-

valued group-based model with [ =2 and G = Zs.

To avoid some even more cumbersome notation, we will restrict attention to
binary trees T" and to the strand symmetric model for DNA. While the results
of Section 16.3 and 16.5 are exclusive to the case of the SSM, all our other
results can be easily extended to arbitrary matrix-valued group-based models
with the introduction of the more general Fourier transform, though we will
not explain these generalizations here.

We assume all edges of T" are directed away from the root R. Given an edge
E of T let s(E) denote the initial vertex of E and ¢(E) the trailing vertex.
Then the parametrization of the phylogenetic model is given as follows. The

probability of observing states ﬁg;f: at the leaves is
J1j2.dn JR Js(E)Jt(E)
Piyig...in = RiR H Eis(E)it(E)
E

((Jo))eH

where the product is taken over all edges E of T" and the sum is taken over the
set

H = {( (i:) )velntV(T)va iy € {07 1}}

Here IntV(T) denotes the interior or nonleaf vertices of T'.

Example 16.3 For the three leaf claw tree, the parametrization is given by
the expression:

Imn __ p0 40l ROM ~0n 1 21l plm~1n 0 40l ROM ~0n 1 41l plm~1n
Pk = RoAo Byj"Cor, + RyAg Boj" Co, + RYALBY Oy + Ry ALB Oy

The study of this particular tree will occupy a large part of the paper.
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Because of the role of the group in determining the symmetry in the parame-
trization, the Fourier transform can be applied to make the parametri-zation
simpler. We will not define the Fourier transform in general, only in the specific
case of the group Zo. The Fourier transform applies to all of the probability
coordinates, the transition matrices and the root distribution.

Definition 16.4 The Fourier transform of the probability coordinates is
J1j2.jn _ 2 : _1\k1j1t+kagottknjn  k1ke. kn
qlllg An ( 1) plllg dn
ki kaeekin €40,1}

The Fourier transform of the transition matriz E is
15 1 k1j1+k 1k
Gl Y (aphamhl
k1,k2€{0,1}
The Fourier transform of the root distribution is

rl= Y (-1)MRL

ke{0,1}

It is easy to check that eJ”2 = 01if j1+ 7o = 1 € Zs and similarly that rg =0
if 7 = 1. In particular, ertlng e as a matrix, we see that the Fourier transform
replaces the matrix F/ with a matrix e that is block diagonal. Generally, when
working with our “hands on” the parameters (in particular in Section 16.3)
we will write the transition matrices with only one superscript: egliz and the
transformed root distribution r; with no superscript at all, though at other
times it will be more convenient to have the extra superscript around, in spite
of their redundancy.

Lemma 16.5 In the Fourier coordinates the parametrization is given by the
rule
J1j2-dn Jr Js(e)
o= 2 i et
(iv)eH e

where jy) is the sum of ji such that | is a leaf below s(e) in the tree, j, =
j1+ -+ jn and H denotes the set

H = {(iv)vermtv(r) and i, € {0,1}}.

Proof We can rewrite the parametrization in the probability coordinates as

kikg..kn _ , ks(B) ki (k)
Pijiy.in, = Z Z HEis(E)it(E)
E

(iv)eH \(kv)EH'
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where H is the set defined in the lemma and

H' = {(kv)velntV(T) and k, € Za}.

The crucial observation is that for any fixed values of i1, ..., i, and (i,) € H,
the expression inside the parentheses is a standard group-based model for Zs.
J1J2--Jn .

Applying the Fourier transform we have the following expression for g; ;"""

O Wil I S |

k1ka,....kn€{0,1} (iv)€H \(ky)EH'

and interchanging summations

D D D DN Ewy
(in)EH \Fk1,ka,....knc€{0,1} (kv)eH'
By our crucial observation above, the expression inside the large parenthe-
ses is the Fourier transform of a group-based model and hence by results
in [Evans and Speed, 1993] and [Székely et al., 1993] the expression inside the
parentheses factors in terms of the Fourier transforms of the transition matri-
ces and root distribution in precisely the way illustrated in the statement of
the lemma. m

Definition 16.6 Given a tree T', the projective variety of the SSM given by
the tree T is denoted by V(7). The notation C'V(T') denotes the affine cone
over V(7).

Proposition 16.7 (Linear Invariants)

J1jz2-- ]n _
qlllg An =0

ifj1+Jo+ -+ Jjn=1€Zs.

Proof The equation j1+jo+---+j, = 1 € Zs implies that in the parametriza-
tion every summand involves rilr for some i,.. However, all of these parameters
are zero. n

The linear invariants in the previous lemma are equivalent to the fact that

J1J2.--Jn J152--Jn
plllg An _plllg Jin

where j =1 — j € Zs.

Up until now, we have implicitly assumed that all the matrices E involved
were actually matrices of transition probabilities and that the root distribution
R was an honest probability distribution. If we drop these conditions and look
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at the parametrization in the Fourier coordinates, we can, in fact, drop r from
this representation altogether. That is, the variety parametrized by dropping
the transformed root distribution 7 is the cone over the Zariski closure of the
probabilistic parametrization.

Lemma 16.8 In the Fourier coordinates there is an open subset of CV(T),
the cone over the strand symmetric model, that can be parametrized as

J1d2-dn Js(e)
qilig...in - Z eis(e)it(e)
(i)l ¢

when j1 + -+ jn = 0 € Za, where jy is the sum of j; such that l is a leaf
below s(e) in the tree and H denotes the set

H = {(iv)velntV(T) and i, € {07 1}}

Proof Due to the structure of the reparametrization of the SSM which we will
prove in Section 16.4, it suffices to prove the lemma when T is the 3-leaf claw
tree K1 3. In this case, we are comparing the parametrizations

b1 g = roagiby;cor + r1at;bY el
and
Voo = doieq; for, + diier; [k
In the second case, there are no conditions on the parameters. In the first para-

metrization, the stochastic assumption on the root distribution and transition
matrices translates into the following restrictions on the Fourier parameters

10 0 _ 1 10 0 _ 1 0 0 _
ro=1l,app+ay =1by+by=1¢p+cy=1

for [ = 0,1. We must show that for d, e, f belonging to some open subset U
we can choose 7, a, b, c with the prescribed restrictions which realize the same
@ tensor up to scaling. To do this, define

& = dip + djy,m = efp + e, i = fio + fa
for [ = 0,1 and take U the subset where these numbers are all non-zero. Set

01711
90700

Clearly, all the parameters r, a, b, ¢ satisfy the desired prescription. Further-

m _ s—1ygm n _ . —1_n o _ y—1ro _ —_
arg = 0, dpi, by = "epg, ¢ = A fip,ro =1, and 1 =

more, the parameterization with this choice of r, a, b, ¢ differs from the original
parametrization by a factor of (dgy0Ao)~*. This proves that ¢(U) C Im(y) C
CV(T). On the other hand we have that V(T') C I'm(v) because we can always
take d}! = rap;, e;; = ;;», I = ¢fi.. Moreover it is clear that Im(1)) is a cone
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and hence CV (T') C Im(1)). The proof of the lemma is completed by taking
the Zariski closure. O

Example 16.9 In the particular instance of the three leaf claw tree the Fourier
parametrization of the model is given by the formula

mno __ min (0} min (0}
Qi = apibo;Cor + atiby;cly.

16.3 Invariants for the 3 taxa tree

In this section, we will describe the degree 3 and degree 4 phylogenetic in-
variants for the claw tree K 3 on the strand symmetric model. We originally
found these polynomial invariants using the computational algebra package
Macaulay2 [Grayson and Stillman, 2002] though we will give a combinatorial
description of these invariants and proofs that they do, in fact, vanish on the
strand symmetric model.

It is still an open problem to decide whether or not the 32 cubics and 18
quartics described here generate the ideal of invariants, or even describe the
SSM set theoretically. Computationally, we determined that they generate
the ideal up to degree 4. Furthermore, one can show that neither the degree
3 nor the degree 4 invariants alone are sufficient to describe the variety set
theoretically.

16.3.1 Degree 3 Invariants

Proposition 16.10 For each | = 1,2,3 let my,ny, 0,1, ji, ki be indices in
{0,1} such that m;+n;+o0; =0, my = mg, mg =1—my, ny =ns, ng = 1—ny,
09 =03, and 01 =1 — 09 in Zy. Let f(Me, Ne, Os, ie, Jo, ke) be the polynomial in
the Fourier coordinates described as

minior  maniol 0 minzo1  mMan3ol 0
By jika Binj1k By jaks Do jsk
gin202  gman20y  manzoy | MiN202 _M2aN202  M3N102
i1j2k2 igj2k2 i3j3k2 i1j2k2 igj2k2 i371k2
mMin203 _M2aN203  M3N303 mMingoz  _1Maongo3 M3ni103
Dy joks Dy joks Dz jsks 11 j2ks i2j2k3 i3j1k3

Then f(Mme, Ne, Oe, ie, jo, ke) is a phylogenetic invariant for K; 3 on the SSM.

Remark 16.11 The only nonzero cubics invariants for K 3 arising from Propo-
sition 1 are those satisfying io = 1 —141, i3 = 9,50 = J1, js=1—Jj1, ko =1—k;

and k3 = k1. We maintain all the indices because they are necessary when we

extend invariants to larger trees in section 16.5. In total, we obtain 32 invari-

ants in this way and we verified in Macaulay2 [Grayson and Stillman, 2002]

that these 32 invariants generate the ideal in degree 3.
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Proof In order to prove this result it is very useful to write the parametrization
in Fourier coordinates as:

(o}
aOZbOJ —Cik

(o}
aub Cok

mno __
45k

In f(me, Ne, Os, e, Jo, ke) We substitute the Fourier coordinates by their pa-
rametrization and we call D the first determinant and D9 the second one so
that

0 01
“(nl bo;l Cik,y aOZz bo;l Cik,y 0
01 01
ayy by} g arisbl, oy
02 02 02
Dy — am b(]jz “Clky am bO]g “Clky %z bo;; TClky
L= mipnz o c02 maphtz - o02 mapns 22
1@1 1j2 Oko 1@2 1j2 Oko lz; 1j3 0ko
mi _ .03 ma _ 03 m3 _ 03
%z bo;g Ciky %z bo;g Ciky %z b033 Ciky
03 03 03
au b132 Coks au b132 Coks au b133 Coks

Now we observe that the indices in the first position are the same for each
column in both determinants involved in f(me, Ne, Os, e, jo, ke). Similarly, the
indices in the third position are the same for each row in both determinants.
Using recursively the formula

r11 Y r12 Y 1,3 Y r1,1 T12 T13 Y
To1 2 T2 T T23 2 | ®a1 w22 w23 2
3,1 3,2 3,3 x31 x32 x33 0
T4,1 4,2 4,3 T41 Ta2 T43 0

it is easy to see that D can be written as the following 6 x 6 determinant:

aOzl bOyl 0@2 bOyl 0 _C?}cl 0 0
by, aigbi, 0 cl 0 0
Dy = aOzl bOyg aOZQ bOyg 0@3 bOyg 0 _S?ig 0
au b132 au b132 au b1y3 0 Coig 0
aOzl bOyg aOZQ bOyg 0@3 bOyg 0 0 6?23
1@1 blyg 1@2 blyg 1@3 blyg 0 0 6823
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Now using Laplace expansion for the last 3 columns we obtain:

my ma
aOz b(]jl aOz b(]jl 0
_ 01 02 03 _
Dy = ~Cok; €15 C0ks lzlbljg 1125192 1135133
aOZl b(]jz aOZz b(]jz 013 b0j3
™ pn
Qoq,y 071 aOZzboh 0
01 02 .03
Cok, Coka Clks aonbo;g Olzb(]jz Olgb(]j; +
alz bljg alz bljg alz blj;
alz bljl alz bljl 0
01 02 03
C1k1 C1ky Cokey alz b192 ‘11@ b192 ‘11@ bm +
aOZl b(]jg aOZQ b(]jg 013 b(]j;
111 blh 112 blh 0
01 02 .03
C1k1 C0ko C1ks %z b(]jg %z b(]jg Olgb(]j;
my
alz bljg alz bljg lz;blj;

Doing the same procedure for Dy we see that its Laplace expansion has
exactly the same 4 nonzero terms.

O

16.3.2 Degree 4 Invariants

Now we wish to explain the derivation of some nontrivial degree 4 invariants
for the SSM on the K 3 tree. Each of the degree 4 invariants involves 16 of the
nonzero Fourier coordinates which come from choosing two possible distinct
sets of indices for the group-based indices. Up to symmetry, we may suppose
these are from the tensors

qmn101 and qanOQ'

Choose the ten indices i1, 72, j1, j2, j3, j4, k1, k2, k3, k4. Define the four matrices
g, and ¢, i € {i1,1i2} by

mnioj mmniol mmng o2 mmngog

mnio; __ qulkl qulkg d mn202 __ qu‘sk‘s ij3ky

7 — mnioq mnio01 an q — mng o2 mng0oo
By Tigaky Bijaks ~ Lijaks

For any of these matrices, adding an extra subindex j means taking the j-th

011 011 011)

row of the matrix, e.g. qi; is the vector (quo aij1

Theorem 16.12 The 2 X 2 minors of the following 2 x 3 matriz are all degree
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4 invariants of the SSM model on the 3 leaf claw tree:

mnioq mnioq
mnio1 1171 112 mnioq
’(] ’ mnioq + mnioq (]
122 121
mns o2 mno o2
mng 09 qZ1_]3 + qZ1_]4 mn02
(] mn202 mn20z (]
274 i273

These degree 4 invariants are not in the radical of the ideal generated by the
degree 3 invariants above. Up to symmetry, of the SSM on K3 the 18 degree
4 invariants which arise this way are the only minimal generators of the ideal
of degree 4.

Proof The third claim was proven computationally using Macaulay 2
[Grayson and Stillman, 2002]. The second claim follows by noting that all
of the degree 3 invariants above use 3 different superscripts whereas the degree
4 invariants use only 2 different superscripts and the polynomials are multi-
homogeneous in these indices. Hence, for example, an assignment of arbitrary
values to the tensors ¢°%° and ¢! and setting ¢'°! = ¢'0 = 0 creates a set of
Fourier values which necessarily satisfies all degree 3 invariants but does not
satisfy the degree 4 polynomials described in the statement of the theorem.
Now we will prove that these polynomials are, in fact, invariants of the SSM

on Kj 3. The parametrization of ¢/""*“* and ¢;""*°* can be rewritten as

mnio1 mno o2 m
q; = aOZMO + alel and g; = aOZMO + alel

where each of the four matrices M{, MY, M}, and M{ are arbitrary 2 x 2
matrices of rank 1. This follows by noting that the ¢"™"1°! uses 0™ and ¢! in
its description, ¢"™"292 uses b™2 and ¢ in its description, and simply reforming
these descriptions into matrix notation.

In particular, ¢;"™"* and g;,"*** lie in the plane spanned by the rank 1
matrices M{ and Ml and qmnzo2 and ¢;,"*?* lie in the plane spanned by the
rank 1 matrices M and M} . Furthermore, the coefficients used to write these

linear combinations are the same for pair ¢;""'*" and ¢;"** and for the pair

qmn101 and qmngoz
io

If we are given a general point on the variety of the SSM, none of the
p gt g% or g ™% will have rank 1. This implies that,
generlcally, the set of matrices

My = {Ag™ " + g, N,y € C}

matrices g;

Mo = {Ag]"” + 7|\, v € C}

each contain precisely 2 lines of rank 1 matrices. This is because the variety of
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2 x 2 rank 1 matrices has degree 2. The set of values of A\ and v which produce
these lines of rank 1 matrices are the same because of the way that ¢;™",
qunmol’ q;nng@ or qunng@ were written in terms of M{, M?, M} and M]. In
the first case, this set of A and +y is the solution set of the quadratic equation
|/\qmn101 + ,qumm‘ =0
i1

12

and in the second case this set is the solution to the quadratic equation

|/\q§1n"202 +yg "% | = 0.

12

To say that these two quadrics have the same zero set is equivalent to the
vanishing of the three 2 x 2 minors in the statement of the theorem. Since
the minors in the statement of the theorem vanish for a general point on the
parametrization they must vanish on the entire variety and hence are invariants

of the SSM. [

16.4 (G-tensors

In this section we introduce the notion of a G-tensor which should be regarded
as a multidimensional analog of a block diagonal matrix. We describe G-tensor
multiplication and a certain variety defined for G-tensors which will be useful
for extending invariants from the 3-leaf claw tree to arbitrary trees. This
variety GV (471,472, 4"3) generalizes in a natural way the SSM on the claw tree
K173.

Notation. Let G be a group. For an n-tuple j = (j1,...,j,) € G" we denote
by o(j) the sum j; +---+ j, € G.

Definition 16.13 Let qfllf: define a 4™ x - - - x 4™ tensor () where the upper
indices are r;-tuples in the group G = Zs. We say that Q is G-tensor if
whenever o(j1) + -+ o(jn) # 0in G, ¢l " = 0. If n = 2 then Q is called a
G-matrix.

Lemma 16.14 IfQ is a 4X---x4 tensor arising from the SSM in the Fourier
J1J2

coordinates, then Q) is a G-tensor. All the Fourier parameter matrices e; ;> are

G-matrices.

Proof This is immediate from Proposition 16.7 and the comments following
Definition 16.4. 1

Convention. Henceforth, we order any set of indices {( 727 )} joirsosic
so that we put first those indices whose upper sum o (j) = ji + - - -+ j; is equal
to zero.
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iFrom now on we are going to use only Fourier coordinates and we will refer
to the corresponding tensor as Q).

An operation on tensors that we will use frequently is the tensor multi-
plication * which is defined as follows. If R and @ are n-dimensional and
m-dimensional tensors so that R (resp. @) has k states at the last index (resp.
first index), the (m + n — 2)-dimensional tensor R * @ is defined as

K
(R* Qirseinim—z = D Rirroin g * Qinsivim—s -

J=1

If R and @ are matrices this is the usual matrix multiplication. Note that if R
and @ are G-tensors then R * () is also a G-tensor. We can also perform the *
operation on two varieties: if V and W are varieties of tensors then V x W =
{R* QIR € V,Q e W}. If T"is a tree with taxa vy, . .., v, and T” is a tree with
taxa wi, ..., w,, we call T" x T" the tree obtained by identifying the vertices

v, and wi, deleting this new vertex, and replacing the two corresponding
edges by a single edge. This construction is a useful tool for constructing a
reparametrization of the variety associated to an n-leaf tree T}, in terms of the
parametrization for two smaller trees.

Proposition 16.15 Let T, be an n-leaf tree. Let T,, = T,,_1 * T3 be a decom-
position of T,, into an n — 1 leaf tree and a 3 leaf tree at a cherry. Then

CV(Ty) = OV (Thyy) + OV (Ty).

Proof Consider the parametrization for 7, written in the usual way as
,71.72 Jn 2l o ]s(e)
qZIZZ dn—2k T Z e s(e)lt(e)
(iv)EH €
and the parameterization for the 3 leaf tree T3
l.?n 1Jn Js(f)
" Ki—1in Z Hfs(f)lt(f)
ZuG{O 1} f

where w is the interior vertex of T3. Writing the first tensor as ) and the
second as R, we have an entry of P = @ * R given by the formula

J1J2--Jn __ J1j2.--gn—2l lJn 1jn
Diig..in = Bivig...in_ok" Kin_1in

ke{0,1}

where [ satisfies > jn—1 + jn +1 = 0 € Zy. Let e and f denote the distin-
guished edges of T, _1 and T3 respectively which are joined to make the tree
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T,. Expanding the expression and regrouping yields

= > > efj(f))it(e) > 17 f(%t(f)

ke{0,1} \(iv)EH € i,€{0,1} f

= Z Z Z egjéziit(e)I;Ifis((ff;it(ff

(iv)€H i,€{0,1} k€{0,1} €

B Js(e) Js(h) Lol
- Z Z eis(eﬂt(e)JLIffis(f)it(f) Z els(eﬂkflklt(f)

(iv)EH iy,€{0,1} e#e ke{0,1}

The parenthesized expression is the product of the G-matrices e and f. Re-
placing this expression with a new single G-matrix of parameters along the
conjoined edge ef proves that CV(T,,_1) « CV (T3) C CV(T,,). Now expanding
the paramaterization given in Lemma 16.8 as a sum on the vertex u we obtain
the other inclusion. O

Now we define a variety @V (47,472, 4™) which plays a large role when we
extend invariants.
Definition 16.16 For | = 1,2, 3 let ({1) be a string of indices of length r;.
Let ;M be an arbitrary G-matrix of size 4" where the rows are indexed by
{(5),(Y),(s), (1)} and the columns are indexed by the 4" indices (*H)

Define the parametrization Q = 1y, r, r (1M, 2M, 3M) by

Qj1j2j3 _ Z lef(jl)jl2Mf(jz)j23M0(ja)j3
17

i1i2 i3 12 ii3
1€{0,1}

if 0(j1) +0(j2) +0(ja) = 0 and QPR = 0if 0(ju) +0(j2) + 0(ja) = 1. The
projective variety that is the Zariski closure of the image of 1., ,, r, is denoted

GV (47,472, 473). The affine cone over this variety is CYV (471,472, 473).

Remark 16.17 By the definition of GV (47,472, 473) any Q € GV (471,472, 4"3)
is a G-tensor. Furthermore @V (4,4,4) is equal to the variety defined by the
SSM on the three leaf claw tree K 3.

Besides the fact that @V (471,472, 473) is equal to the SSM when ry = ry =
r3 = 1 the importance of this variety for the strand symmetric model comes
from the fact that GV (4™ 472 473) contains the SSM for any binary tree as
illustrated by the following proposition.
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Proposition 16.18 Let T by a binary tree and v an interior vertexr. Suppose
that removing v from T partitions the leaves of T into the three sets{1,...,r1},
{ri+1,---,ri+re}, and {r1 +ro+1...,r1 + 19+ r3}. Then the SSM on T
is a subvariety of GV (47,472 473),

In the proposition, the indices in the Fourier coordinates for the SSM are
grouped in the natural way according to the tripartition of the leaves.

Proof In the parametric representation
G1j2eedn _ Ts(e)
qzllz;zn = Z Cis(eyin(e)
(iv)EH €
perform the sum associated to the vertex v first. This realizes the G-tensor Q

as the sum over the product of entries of three G-tensors. O

Our goal for the remainder of this section is to prove a result analogous
to Theorem 7 in Allman and Rhodes [Allman and Rhodes, 2004a]. This the-
orem will provide a method to explicitly determine the ideal of invariants
for GV (47,472 473) from the ideal of invariants for 9V (4,4,4). Denote by
@M (21,2m) the set of 21 x 2m G-matrices. A fundamental observation is that
if 73’ > r3 then

COV(47,47,478) = OOV (47, 472, 47%) « OM (478, 47%),
Thus, we need to understand the * operation when V and W are “well-

behaved” varieties.

Lemma 16.19 LetV C “M(21,4) be a variety and suppose that V&M (4,4) =
V. Let I be the vanishing ideal of V. Let K be the ideal of 3 x 3 G-minors
of the 21 x 2m G-matriz of indeterminates Q. Let Z be 2m x 4 G-matriz of
indeterminates and

L = (coeff 7(f(Q* Z))|f € gens(I)).
Then K + L is the vanishing ideal of W =V x 9 M (4,2m).
By a G-minor we mean a minor which involves only the nonzero entries in
the G-matrix Q.
Proof A useful fact is that
L=< f(Q*A)|fel Ac“M(2m,4)> .

Let J be the vanishing ideal of W. By the definition of W, all the polynomials
in K must vanish on it. Moreover if f(Q x A) is a polynomial in L, then it
vanishes at all the points of the form Px B, for any P € V and B € © M (4, 2m).
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Indeed, as P« Bx A € V and f € I we have f(PxBx*A) = 0. As all the points
of W are of this form, we obtain the inclusion K + L C J. Our goal is to show
that J C K + L.

Since V * “M(4,4) = V, we must also have W x M (2m,2m) = W. This
implies that there is an action of GI(C, m) x GI(C,m) on W and hence, any
graded piece of J, the vanishing ideal of W, is a representation of GI(C,m) x
GI(C,m). Let Jg be the d-th graded piece of J. Since GI(C, m) x GI(C, m) is
reductive, we just need to show each irreducible subspace M of J; belongs to
K+ L. By construction, K + L is also invariant under the action of GI(C, m) x
GI(C,m) and, hence, it suffices to show that there exists a polynomial f € M
such that f € K + L.

Let f € M be an arbitrary polynomial in the irreducible representation
M. Let P be a 2l x 4 G-matrix of indeterminates. Suppose that for all
B € “M(4,2m), f(P % B) = 0. This implies that f vanishes when evaluated
at any G-matrix  which has rank 2 in both components. Hence, f € K.

If f ¢ K there exists a B € “M(4,2m) such that fg(P) := f(P * B) /0.
Renaming the P indeterminates we can take D a matrix in ¢(2m, 4) formed
by ones and zeroes such that fp(Q * D) /=0. Since f € J, we must have
fB(P) € I. Therefore fg(Q * D) € L. Let B = Dx B € “M(2m,2m).
Although B" ¢ GI(C, m) x GI(C,m), the representation M must be closed and
hence f(Q* B') = fp(Q * D) € M which completes the proof. O

Proposition 16.20 Generators for the vanishing ideal of GV (471,472, 473) are
explicitly determined by generators for the vanishing ideal of GV (4,4, 4).

Proof Starting with ©V'(4,4,4), apply the preceding lemma three times. Now
we will explain how to compute these polynomials explicitly. For [ = 1,2,3
let Z; be a 4™ x 4 G-matrix of indeterminates. This G-matrix Z; acts on the
4" x 4™ x 4" tensor ) by G-tensor multiplication in the [-th coordinate. For
each f € gens(I), where I is the vanishing ideal of ¥V (4,4, 4), we construct
the polynomials coeff 7 f(Q * Z1 * Zy x Z3). That is, we construct the 4 x 4 x 4
G-tensor Q) * Z1 * Zy * Z3, plug this into f and expand, and extract, for each Z
monomial, the coefficient, which is a polynomial in the entries of Q). Letting f
range over all the generators of I determines an ideal L.

We can also flatten the 3-way G-tensor () to a G-matrix in three different
ways. For instance, we can flatten in to a 4™ x 472773 G-matrix grouping the
last two coordinates together. Taking the ideal generated by the 3 x3 G-minors
in these three flattenings yields an ideal K. The ideal K + L generates the
vanishing ideal of GV (471,472 473), O
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16.5 Extending invariants

In this section we will show how to derive invariants for arbitrary trees from
the invariants introduced in section 16.3. We also introduce the degree 3 de-
terminantal flattening invariants which arise from flatting the n-way G-tensor
associated to a tree T under the SSM along an edge of the tree. The idea
behind all of our results is to use the embedding of the SSM into the variety
GV (41, 472 473),

Let T be a tree with n taxa on the SSM and let v be any interior vertex.
Removing v creates a tripartition of the leaves into three sets of cardinalities
r1, ro and 73, which we may suppose, without loss of generality, are the sets
{1,...,m}, {r+1,...,r +re},and {r1 +ro+1,...,71 + 12 +r3}.

Proposition 16.21 Let f(me, Ne, Os, ie, Jo, ke) be one of the degree 3 invari-
ants for the 3 taza tree K1 3 introduced in Proposition 16.10. For eachl =1,2,3
we choose sets of indices my, i € {0,1}™, ny, j; € {0,1}"2, and oy, k) € {0,1}"3
such that o(my) = my o(ny) = n; and o(01) = 0;. Then f(m,, Ny, Oy, ie, jo, Ke)

minj;ox manj;og 0 mjinsox maznsog 0
ipjiky izjiki i1jaky izjaki
_ mjnzoz mznz0z2 ms3nzoz mjnzoz man202 mg3njoz
- i1joka Tigjoks Tigjsko By joko Tigjoks Tigj1 ko
mjinzog qu n203 mgnsog qml n203 qu n203 mgnjoz
i1jeks izjoks izjsks i1joks izjoks izgjiks

18 a phylogenetic invariant for T.

Proof The polynomial f(ms, N, Os,ie, je, Ke) must vanish on the variety
GV (471,472 473). This is because choosing my, mg, ... in the manner specified
corresponds to choosing a 3 x 3 x 3 subtensor of () which belongs to a 4 x4 x4
G-subtensor of Q (after flattening to a 3-way tensor). Since GV (4, 4, 4) arises as
a projection of GV (47,472, 473) onto this G-subtensor, f(1Mm,, Ny, O, ie, jo, Ke)
belongs to the corresponding elimination ideal. Since the variety of the SSM
for T is contained in the variety CV (4™, 472,473), f(M,, Nq, O, ie, jo, Ke) is an
invariant for the SSM on T O

Similarly, we can extend the construction of degree four invariants to arbi-
trary trees T' by replacing the indices in their definition with vectors of indices.
We omit the proof which follows the same lines as the preceding proposition.

Proposition 16.22 Letm,ij € {0,1}™, ny,j; € {0,1}"2, and o1, k; € {0, 1}"3.
Then the three 2 X 2 minors of the following matriz are all degree 4 invariants
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of the SSM model on the tree T:

mmnj;o; mmnj;o;
q}nnlol Biy jy + Biy jo q}nnlol
i1 mnjo; mnjox iz
12])2 12]J1
mmnso02 mmnso2
q}nnzoz %y ja + By ja q}nnzoz
11 mmnso2 mmnso2 i
12])4 12])3

Now we wish to describe the determinantal edge invariants which arise by
flattening the G-tensor () to a matrix along each edge of the tree. As we
shall see, there existence is already implied by our previous results, namely
Proposition 16.20. We make the special point of describing them here because
they will be useful in the next section.

Let e be an edge in the tree T. Removing this edge partitions the leaves
of T into two sets of size r1 and ro. The G-tensor () flattens to a 4" x 4™
G-matrix R. Denote by F. the set of 3 x 3 G-minors of R.

Proposition 16.23 The 3 x 3 G-minors F. are invariants of the SSM on T.

Proof The edge e is incident to some interval vertex v of T. These 3 x 3
G-minors are in the ideal of say ¢V (4", 472, 47-‘/3) associated to flattening the
tensor @) to a 3-way G tensor at this vertex. Then by Proposition 16.18 F, are
invariants of the SSM on T O

16.6 Reduction to K3

In this section, we explain how the problem of computing defining invariants for
the SSM on a tree T reduces to the problem of computing defining invariants
on the claw tree K1 3. Our statements and proof are intimately related to the
results of Allman and Rhodes [Allman and Rhodes, 2004a] and we draw much
inspiration from their work.

Given an internal vertex v of T, denote by €V, the variety GV (471,472, 473)
associated to flattening the G-tensor () to a 3-way tensor according to the
tripartiiton induced by wv.

Theorem 16.24 Let T be a binary tree. For each v € IntV(T) let F, be a
set of invariants which define the variety €V, set theoretically. Then
CV(T) = Nwernv(r Ve
and hence
Friat(T) = Ypernev (1) Fo
are a defining set of invariants for the SSM on T.
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The theorem reduces the computation of defining invariants to K 3 since
a defining set of invariants for “V(4™,4"2,4") can be determined from a set
of defining invariants for “V(4,4,4) = V(K 3). Given the reparametrization
result of Section 16.4, it will suffice to show the following lemma, about the *
operation on G-matrix varieties.

Lemma 16.25 Let V C CM(21,4) and W C CM(4,2m) be two varieties such
that V.=V « M (4,4) and W = G M (4,4) x W. Then

VW = (VO M@4,2m))n (“M21,4)« W) .

Proof Call the variety on the right hand side of the equality U. Since both of
the component varieties of U contain V' x W, we must have V « W C U. Our
goal is to show the reverse inclusion. Let () € U. This matrix can be visualized

as a block diagonal matrix:
_(Qo O >
©= ( 0 1)

Since Q € U it must be the case that the rank of Qg and ()1 are both less than
or equal to 2. Thus we can factorize Q as Q = R * S where R € YM (21, 4)
and S € “M(4,2m). Without loss of generality, we may suppose that the
factorization () = R * .S is nondegenerate in the sense that the rank of each
of the matrices R and S has only rank(Q) nonzero rows. Our goal is to show
that R € V and S € W as this will imply the theorem.

By our assumption that the factorization Q = R * S is nondegenerate, there
exists a G-matrix A € “M(2m, 4) such that Q* A = R*S* A = R (A is called
the pseudo-inverse of S). Augmenting the matrix A with extra 0-columns, we
get a G-matrix A’ € M (2m,2m). Then Q x A’ € V x “M(4,2m) since Q is
and V x CM(4,2m) is closed under multiplication by G-matrices on the right.
On the other hand, the natural projection of Q * A’ to M (21,4)is Q* A = R.
Since the projection V % M (4,2m) — ©M(21,4) is the variety V because
V = V% %M(4,4), we have R € V. A similar argument yields S € W and
completes the proof. O

Now we are in a position to give the proof the Theorem 16.24.

Proof We proceed by induction on n the number of leaves of T. If n = 3
there is nothing to show since this is the three leaf claw tree Ki3. Let T' by
a binary n taxa tree. The tree T has a cherry T3, and thus we can represent
the tree T' = T, 1 * T3 and the resulting variety as V(T') = V(T,,—1) * V (T3)
by the reparametrization. Now we apply the induction hypothesis to 7,1
and T5. The varieties V(T,,—1) and V (7T3) have the desired representation as
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intersections of V. By the preceding Lemma, it suffices to show that this
representation extends to the variety V(T,,_1) * “M(4,16) and M (471, 4) %
V(T3). This is almost immediate, since

CV(47,47,473) « M (4,4°) = OV (47, 472 47T

where @M (4,4%) acts on a single index of GV (471, 472 473) (recall that
GV (47,47 473) can be considered as either a 3-way tensor or an n-way 4 x
-+ - x 4 tensor). This equation of varieties applies to each of the component va-
rieties in the intersection representation of V' (7,,—1) and V(73) and completes
the proof. O
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17
Extending Tree Models to Split Networks

David Bryant

17.1 Introduction

In this chapter take statistical models designed for trees and generalize them to
more general constructions. In Chapter 2 we saw that phylogenetic trees can
be viewed as collections of pair-wise compatible splits (Theorem 2.34), where
each split corresponds to an edge in the tree. Thus a statistical model on a
tree is a statistical model on a collection of pair-wise compatible splits with
weights (or lengths). Our approach here is to drop the condition of pair-wise
compatibility and consider statistical models based on general collections of
splits and the split networks that represent them (Section 17.2).

Geometrically, the models we propose fill in the gaps between statistical
models for different trees. We show how we can relaz the constraint that
limits analyses to tree-space. A relaxation of tree models can be used to test
statistically whether or not the data actually supports a tree. Split networks
provide natural swing-bridges between trees which could be used to compare
likelihood ratios or, in a Bayesian setting, used to estimate the ratio of Bayes
factors for two trees. The potential to relax the tree constraint also opens up
a huge range of new search techniques.

One of the more appealing applications of models based on split networks
is the representation of phylogenetic uncertainty. At present, the only widely
used way to represent uncertainty in an estimated phylogeny is to place con-
fidence values (such as posterior probabilities or bootstrap P-values) on the
branches of the phylogeny. A tree with confidence measures shows which part
of the phylogeny is less certain, but gives no indication of the nature of the
conflicting signal. Split networks, on the other hand, provide a means to repre-
sent confidence sets of trees in a single diagram, indicating both the uncertain
parts of the tree and any conflicting secondary signal.

A confusing aspect of split network models is that they are not explicit repre-
sentations of evolutionary history. Rather, they represent summary statistics,
statistics that are more informative than trees contain only a subset of the infor-
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mation present in a complete recombination history [Griffiths and Marjoram, 1996].
They are can therefore be more reliably estimated than complete reticulation
histories, and perhaps provide a stepping stone in the analysis. On the whole,
population geneticists don’t even dream to think that explicit recombination
histories can be reconstructed exactly. Instead they integrate out over differ-

ent histories and take summary statistics. Split networks are a particularly
informative and graphically appealing set of summary statistics to infer.

The outline of this chapter is:

e In section 17.2 we review the definitions of splits and split networks.
e In section 17.3 we discuss statistical models for split networks based on
distance data.
e In section 17.4 we briefly discuss, and critique, the application of graphical
models to split networks.
e In sections 17.5 to 17.7 we develop a character based model for splits net-
works based on the Fourier calculus for evolutionary trees studied by [Székely et al., 1993].
e We conclude with open problems and some baseless speculation.

17.2 Trees, splits and split networks

Splits are the foundation of phylogenetic combinatorics, and they will be the
building blocks of our general statistical model. Recall (from Chapter 2) that
a split S = {A, B} of a finite set X is an unordered partition of X into two
non-empty blocks. An X -tree is a pair 7 = (T, ¢) such that T is a tree and
¢: X — V(T) is a map for which ¢~!(v) is empty whenever v has degree less
than three. We say that 7 is a phylogenetic tree if T' has no vertices of degree
two and ¢ is a bijection from X to the leaves of 7.

Removing an edge e from an X-tree divides the tree into two connected
component, thereby inducing a split of X that we say is the split associated to
e. We use splits(7) to denote the sets associated to edges of T. The X-tree
7T can be reconstructed from the collection splits(7). The Splits Equivalence
Theorem (Theorem 2.34) tells us that a collection S of splits equals splits(T)
for some X-tree T if and only if the collection is pairwise compatible, that is,
for all pairs of splits {A, B}, {A’, B’} at least one of the intersections

ANA,AnB' BnA,BnpB

is empty.

If we think of X -trees as collections of compatible splits then it becomes easy
to generalize trees: we simply consider collections of splits that are not nec-
essarily pairwise compatible. This is the approach taken by Split Decomposi-
tion [Bandelt and Dress, 1992], Median Networks [Bandelt et al., 1995], Spec-
troNet [Huber et al., 2002], Neighbor-Net [Bryant and Moulton, 2004], Con-
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sensus Networks [Holland et al., 2004] and Z-networks [Huson et al., 2004], many

of which are implemented in the SplitsTree package[Huson, 1998, Huson and Bryant, 2005].
The usefulness of these methods is due to a particularly elegant graphical rep-
resentation for general collections of splits: the splits network.

To define splits networks, we first need to discuss splits graphs. These graphs
have multiple characterizations. We will work with three of these here.

In a graph G let dg denote the (unweighted) shortest path metric. A map
1 from a graph H to a graph G is an isometric embedding if dg(u,v) =
da(Y(u),(v)) forallu,v € V(H). A graph G is a partial cube if there exists an
isometric embedding from G to a hypercube. Wetzel [Wetzel, 1995] called these
graphs splits graphs. This terminology has persisted in the phylogenetics com-
munity, despite the potential for confusion with the graph-theoretic term ‘split
graph’ (a special class of perfect graphs). Refer to [Imrich and Klavzar, 2000]
for a long list of characterizations for partial cubes.

Wetzel [Wetzel, 1995] (see also Dress and Huson [Dress and Huson, 2004])
characterized splits graphs in terms of isometric colorings. Let o be an edge
coloring of the graph. For each pair u,v € V(G) let Cy(u,v) denote the set of
colors appearing on all shortest paths between u and v. We say that o is an
isometric coloring if dg(u,v) = |Cy(u,v)| for all pairs u,v € V(G). In other
words, o is isometric if the edges along any shortest path all have different
colors, while any two shortest paths between the same pair of vertices have the
same set of edge colors. A connected graph is a splits graph if and only if it
has an isometric coloring [Wetzel, 1995].

A third characterization of splits graphs is due to [Winkler, 1984]. We define
a relation © on pairs off edges e; = {uy,v1} and e; = {ug,v2} in a graph G by

e10¢ey & d(;(ul, UQ) + dg(’Ul, Ug) #* d(;(ul, Ug) + dg(’Ul, 'LLQ). (17.1)

This relation is an equivalence relation if and only if G is a splits graph.

Two edges e; and es in a splits graph have the same color an isometric
coloring if and only if the isometric embedding of the splits graph maps e; and
es to edges in the same dimension, if and only if e;®es. Thus, a splits graph
has, essentially, a unique isometric coloring and a unique isometric embedding
into the hypercube. The partition of edges into color classes is completely
determined by the graph.

Suppose now that we have a splits graph G and a map ¢ : X — V(G).
Using the isometric embedding, one can quickly prove that removing all edges
in a particular color class partitions the graph into exactly two connected (and
convex) components. This in turn induces a split of X, via the map ¢. A splits
network is a pair N' = (G, ¢) such that

(i) G is a splits graph.
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(ii) ¢ is a map from X to ¢(G).
(iii) Each color class induces a distinct split of X.

The set of splits induced by the different color classes is denoted splits(N).
Time for two examples. The split network on the left of figure 17.1 cor-
responds to a collection of compatible splits - it is a tree. In this network,
every edge is in a distinct color class. If we add the split {{2,6},{1,3,4,5}}
we get the split network on the right. There are four color classes in this graph
that contain more than a single edge. These are the three horizontal pairs of
parallel edges and the four edges marked in bold that induce the extra split.

3 4 1 5

‘ N /

| l

; o N

2 6

Fig. 17.1. Two splits networks. On the left, a split network for compatible splits (i.e.
a tree). On the right, the same network with the split {{2,6},{1,3,4,5}} included.

It is important to realize that the split network for a collection of splits may
not be unique. Figure 17.2 reproduces an example in [Wetzel, 1995]. Both
graphs are split networks for the set

S = {{{1,2.3},{4,5,6, 7}, {{2,3,4}, {1,5,6, 7}, {{1,2,7}, {3,4,5,6}}, {{1,2,6,7}, {3,4,5}} }.

Each is minimal, in the sense that no subgraph of either graph is also a
splits network. In both graphs, the edges in the color class inducing the split
{{1,2,3},{4,5,6,7}} are in bold.

Fig. 17.2. Two different, and minimal, split networks for the same set of splits
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17.3 Distance based models for trees and splits graphs

In molecular phylogenetics, the length of an edge in a tree is typically measured
in terms of the average (or expected) number of mutations that occurred, per
site, along that edge. The evolutionary distance between two sequences equals
the sum of the lengths of the edges along the unique path the connects them
in the unknown ‘true’ phylogeny. There is a host of methods for estimating
the evolutionary distance starting from the sequences alone. These form the
basis of distance based approaches to phylogenetics.

The oldest statistical methods for phylogenetics use models of how evo-
lutionary distances estimated from pairwise comparisons of sequences differ
from the true evolutionary distances (or phyletic distances) in the true, but
unknown, phylogenetic tree [Cavalli-Sforza and Edwards, 1967, Farris, 1972,
Bulmer, 1991]. It is assumed that the pairwise estimates were distributed,
at least approximately, according to a multi-variate normal density centered
on the true distances. The variance-covariance matrix for the density, here
denoted by V, can be estimated from the data [Bulmer, 1991, Susko, 2003],
though early papers used a diagonal matrix, or the identity, for V.

Once we have a variance covariance matrix, and the observed distances, we
can begin maximum likelihood estimation of the true distances dr, from which
we can construct the maximum likelihood tree. Note that the term maximum
likelihood here refers only to our approximate distance based model, not to the
maximum likelihood estimation introduced by Felsenstein [Felsenstein, 1981].
The maximum likelihood estimator is the tree metric 5; that maximizes the
likelihood function

L(o7) = ®(my(d = dr|V)
where ®,, is the probability density function for the m dimensional multivariate
normal:

1 Loy,

(V) = o T

Equivalently, we can minimize the least squares residue
ST (Grw,x) — d(w, )Vl o (7. 2) — d(y, 2))-
w<r y<z

In either formulation, the optimization is carried out over all tree metrics in
Tx, the space of X-trees (Chapter 2).

We can describe tree metrics in terms of linear combinations of split metrics.
The split metric for a split {A, B} is the pseudo-metric on X given by

0 if{z,y} C Aor{z,y} C B;

1 otherwise.

5{A,B}($7 y) = {



336 D. Bryant

Let wgy py denote the length of the edge associated to a split {A, B} €
splits(T). Then

or = Z w{A,B}é{A,B}' (17.2)
{A,B}esplits(T)

This formulation is used when we want to estimate edge lengths on a fixed
topology.

Equation (17.2) generalizes immediately to split networks. Suppose that the
lengths of the edges in a split network N are given by the split weights w4 gy
Hence, all edges in the same color class have the same length. The distance
between two labeled vertices z,y is the length of the shortest path between
them, which in turn equals the sum of the weights of the splits separating x
and y. We can therefore define a network metric N by

N = Z WiA,BYO{A,B}-
{A,B}esplits(N)

The statistical model for distances from splits networks then works exactly
as it did for phylogenetic trees. We assume that the observed distances d are
distributed according to a multi-variate normal centered on the network metric
dnr. The covariance matrix can be estimated using the non-parametric method
of Susko [Stls\ko, 2003]. The likelihood of a network metric g;f is, as before,
given by L(dy) = <1>(Z)(d —dy).

We immediately come across the problem of identifiability. Phylogenetic
trees, together with their edge lengths, are determined uniquely from their
tree metrics. The same does not apply for network distances. The split met-
rics 0g4 py associated to splits of a network will not, in general, be linearly
independent.

In practice, identifiability has not been too much of a problem. Split de-
composition produces weakly compatible collections of splits. These have lin-
early independent and are uniquely determined from their network metrics
[Bandelt and Dress, 1992]. Neighbor-Net produces networks based on circular
collections of splits which, as a subclass of weakly compatible splits, are also
uniquely determined from their network metrics.

However the most important shortcoming of distance based methods, for
either trees of networks, is that they lack the statistical efficiency of likelihood
methods based on full stochastic models (see, e.g. Felsenstein [Felsenstein, 2003]).
When we estimate distances from pair-wise sequence comparisons we are ef-
fectively ignoring the joint probabilities of larger sets of sequences. What we
gain in speed, we lose in accuracy.
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17.4 A graphical model on a splits network?

The Markov model for trees outlined in Chapter 2 and Chapter 4 is just
a special case in a general class of graphical models (Section 1.5). Given
the vast literature on graphical models, it seems that the logical generaliza-
tion of the hidden tree model would be a graphical model defined on the
splits network. This was the approach taken by [Strimmer and Moulton, 2000,
Strimmer et al., 2001]. We review this approach here, and point out why it
doesn’t really work.

Let A be a splits network. The first step is to choose a root and direct all
edges away from the root (Figure 17.3). We now can apply a directed graphical
model. The probability that a node is assigned a particular state depends on
the states assigned to its parents: Strimmer and Moulton suggest several ways
that this may be done.

7

Fig. 17.3. Edge directions induced by placing the root at the white vertex.

There are several problems with this general approach. Firstly, the prob-
ability of observing the data changes for different positions of the root, even
when the mutation process is a time reversible model. It was claimed that this
permitted estimation of the root, but there is no indication that the differences
in distributions corresponded to any evolutionary phenomenon.

Secondly, different split networks for the same set of splits give different
pattern probabilities, even though the networks represent exactly the same
information.

Thirdly, the internal nodes in split networks do not represent hypothetical
ancestors, they are products of an embedding in a hypercube.

Strimmer et al. eventually concluded that split networks may not provide
a suitable underlying graph for a stochastic network [Strimmer et al., 2001].
It is true that graphical model technology can not be applied ‘straight-off-
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the-shelf’ to split networks. We need to be more sensitive to the particular
properties of split networks. In the following section we will develop a model
for split networks that avoids the problems encountered in the graphical model
approach. The downside, however, is that we must first restrict ourselves to a
special class of mutation models: group based models.

17.5 Group based mutation models

A mutation model on state space {1,2,...,r} is said to be a group based model
if there exists an abelian group G with elements ¢1,..., g, and a function
1 : G — R such that the instantaneous rate matrix ) satisfies

Qij = V(95 — 9i)

for all 7, j. The group operation on G is denoted using addition and we will
use 0 for the identity element.

Let f be a function from G to the set of complex numbers C such that
flg+d) = f(9)f(g') for all g,¢" € G. Then f is a homomorphism from G to
C. The set of these homomorphlsms forms a group G that is 1somorphlc to G.
We label the elements of G so that the map g — g taking g € Gtog € G is an
isomorphism. If ¢ = 0 then g is the function taking every element of G to 1.

Lemma 17.1 Suppose that g,h,h' € G, a € Z. Then we have the following
identities:

g(=h) = g(h);
(h+1") = gh)gh');
(h+H)(g) = h(g)h'(g);
ag(h) = g(ah);
N G| ifg=nh
g - {' | |
heo 0 otherwise.
Proof See, for example, [Korner, 1989]. O

Some indexing conventions will make our life easier. Since the elements of
G are in one to one correspondence with {1,2,...,r} we will index @ and P(t)
by group elements. So (g4, is equivalent to Q;;.

We start with some basic observations about group valued models.

Lemma 17.2 (i) The eigenvalues of Q are given by

Ag = Z ﬁ¢(h)'

heG
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(ii) The transition probabilities are given by
1 ~
t — h / _ )\ht'
) == g —g)e
heG

(iii) The uniform distribution is a stationary distribution.
(iv) If the process is ergodic and time reversible then ¥(g) = ¥ (—g) for all
g€ G.

Proof Define the r x r matrix K by K;; = gi(gj). Then

(KQ)gg’ = Z §(h)¢(g/ - h)

heG
= > (g —hy(h) [replacing h by ¢’ — ]
heG
= G(¢") > _ g (h)
heG
.

Thus the rows of K are left-eigenvectors for (). This proves (i). Let A be the
diagonal matrix with Agy = Ay, Then @ = K~'AK. By the orthogonality
property in Lemma 17.1 we have K~ = H?'K* Thus

ng’ (t) = (th)gg
— K* AtK
|G|( )ag’
= - Z h(g)eMth(g
hEG
1 ~
= = > (g = g)eM
heG

proving (iz). For (iii), observe that the first row of K gives a left-eigenvector
that is all ones. Finally, if the process is ergodic then the uniform distribution
is the unique stationary distribution. This, together with the assumption that
the process is time reversible, implies that both @ and P(t) are symmetric and
that 1 (g) = ¥ (—g) for all g. O

We define

= SRl

T
heG

so that Pyy/(t) = ¢¢(g' — g) for all g, ¢’ € G and t > 0.
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As an example, consider the case when r = 4. There are two (up to isomor-
phism) abelian groups on four elements, Z4 and Zo x Zo. If G = Z, then the
condition that ¢(g) = 1)(—g) implies that ) must have the form

—2a—0b a b a

a —2a—0b a b

Q= b a —2a—b a
a b a —2a—0b

so the mutation model is a sub-class of the K2P model (Chapter 4). If G =

Zo X Zo then we always have g = —¢g so there are three parameters available
for Q:
—a—b—c a b c
a —a—b—c c b
@= b c —a—b—c a
c b a —a—b—c

In this case, the mutation models are a subclass of Kimura’s three parameter
model [Kimura, 1981].

17.6 Group based models on trees and splits

Suppose that we have an ergodic, time reversible, group based mutation model
with state set ¥ = {1,2,...,7} and abelian group G, where Q;; = ¥(g; — ¢i)
for all i,7. Let P(t) = 9! denote the corresponding transition probabilities.
Let T be a phylogenetic tree with n leaves. We use t, = tj; to denote the
length of an edge e = kl € E(T). In terms of the tree model of Chapter 2,
Okl = P(ty) for all kl € E(T).

Lemma 17.3 Let o be a map from N(T) to X. For each edge e = kl define
ZTe = 9o, — Go,,- LThen
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Proof By Lemma 17.2 the mutation model has a uniform stationary distribu-
tion. We can therefore apply (1.53), giving

1 kl
pO’ = E H Hcrkcrl
KleE(T)
1
; H ¢tkl (gO'l - gcrk)

KleE(T)

= 2 1 outw).

ecE(T)
O

Let x be a map from the leaves of 7" to ¥. We say that o : N(T') — ¥ extends
x if o; = x; for all leaves ¢. Under the hidden tree model the probability of

bx = Z Do -

o:0 extends x

observing y is defined

Suppose that E(T") = {e1, e2,...,eq4}, let {Ay, By} be the split associated to
edge k and let A be the (n — 1) x ¢ matrix defined by

(17.3)

(A)g = 1 ¢ and n are on opposite sides of { Ay, By}
" 0 otherwise.

The next observation is crucial.

Theorem 17.4 Define the vector y = y[x] € G by y; = Xi — Xn. Then

= >, [ ¢nlxe) (17.4)

x:Ax=y ecE(T)
zeGY

Proof Suppose that z is defined from o as in Lemma 17.3. We prove that
Az = y if and only if o extends Y, so that the result follows from Lemma 17.3.

For each leaf 7, let F; be the edges on the path from leaf n to leaf i. We will
assume that T is rooted at leaf n, so all edges in E; are directed away from n.

Then
(Az);, = Z:Ekl
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Thus Az = y if and only if g,, = x; for all leaves i, if and only if o extends Y.
O

The importance of Theorem 17.4 so far as we are concerned is that p, is not
expressed in terms of the tree structure: it is defined in terms of splits. We
can therefore generalize the definition of pattern probabilities to any collection
of splits.

Let AV be a weighted split network with splits { A1, By}, {Ag, Ba}, ..., {44, By}
and let ¢ be the length assigned to split {Ag, Bx}. Let A be the matrix de-
fined by Equation 17.3. The probability of a phylogenetic character x given N
is then defined by

=Y [ ¢u(z) (17.5)

r:Ar=y k=1
rzeG?

Astute readers will notice an uncanny similarity between (17.4) and (17.5).

Theorem 17.5 Let N be a weighted split network. If the splits of N are
compatible then the character probabilities correspond to exactly those given by
the tree based model.

We can rephrase this model in terms of graphical models on the splits net-
work. We say that a map o : V(N) — X is concordant if oy — o), = 0j — 0
for all pairs of edges ij, kl € E(N') in the same color class. The probability of
a map o is just the product of P, (tx) over all edges kl € E(T), where ty
is the length of the edge. We then have that p, equals the probability that a
map o extends Yy, conditional on o being concordant.

17.7 A Fourier calculus for split networks

Szekely et al. [Székely et al., 1993] describe a Fourier calculus on evolution-
ary trees that generalizes the Hadamard transform of [Hendy and Penny, 1989,
Steel et al., 1992]. Using their approach, we can take the observed character
frequencies, apply a transformation, and obtain a vector of values from which
we can read off the support for different splits. They show that if the ob-
served character frequencies correspond exactly to the character probabilities
determined by some phylogenetic tree then the split supports will correspond
exactly to the splits and branch lengths in the phylogenetic tree. Conversely,
the inverse transformation gives a single formula for the character probabilities
in any tree.

This theory generalizes seamlessly from trees to split networks—in fact so
seamlessly that the proofs of [Székely et al., 1993] require almost no modifi-
cations to establish the general case. Their approach was prove that their
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transform worked when applied to character probabilities from a tree. The
correctness of the inverse formula then followed by applying a Fourier trans-
formation. In this section we will prove the same results but working in the
opposite direction. We show that, starting with weights on the splits, a sin-
gle invertible formula gives the character probabilities. Our rationale is that,
at some point in the future, we will need to generalize these results beyond
Abelian group models, and the elegant Fourier inversion formula may not exist
in this context.
First a little more algebra. For z,y € G™ we define

3@) = [ i(ao)-
=1

The set {y : y € G™} forms a group under multiplication that is isomorphic
to G™.

The following can (and should) be proved directly using an elegant result in
algebra, but I could only come up with a low-technology proof.

Lemma 17.6 Suppose that z € G4 and y € G™'. Let A be an (n —1) x q
integer matriz with linearly independent rows. FEither

> E@)=0
z€G1:Az=y

or there is u € G" ! such that z = ATu and so

> E@) =)

z€G1:Az=y

Proof Suppose that ZmEGq:Am:y Z(z) # 0. For any v such that Av = 0 we

have
Yoo Ew) = ) Eatv)=2v) Y. Z@)

r€G1:Az=y r€G1:Az=y r€G1:Az=y
so z(v) = 1.
For every z,y € G"! we have
Ar=Ay s Alz—y) =0 zZ(x—y) =1 z(x) = 2(y).

We can thus define a map f : G"! — C by setting f(Az) = Z(x) for all
x € GY. This is a homomorphism, since f(Az+Ay) = f(A(z+y)) = 2(z+y) =
Z(x2)zZ(y) = f(Az) f(Ay). Thus there is u such that f = u and, for all z € GY,
Z(x) = u(Az). The result now follows by expanding u(Ax). O

We will assume that A contains all the trivial splits {{i}, X — {i}} since
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these can be added and assigned weight zero. Let H be the matrix with rows
and columns indexed by G"! and H,y = g(g). Define the vector b by

Y (h)ty if there is h € G and k such that z = A;zy, for all 7
b: =4 —Xiean-1-oy b if2=0
0 otherwise.

Theorem 17.7 Let y € G™ ! be the vector such that y; = Gxn — Gx; for all
leaves i. Then

px = [H™ exp[HY]] . (17.6)

Proof From (17.5) we have

e = Y. ] o)

r:Az=y k=1
rzeG?

= 3 L5 e

z:Az=y k=1 heqG
rzeG?

_ 1t : 2 (g ) e antr
rq

r:Ar=y z€G9 k=1
rzeG?

— Tiqz Z Z(z) | exp [Z /\zktk]-
k=1

z€G1 | z:Az=y
rzeG?

So far we have just applied the definitions, reversed a summation and product,
and regrouped. From Lemma 17.6 we get that 2(x) = 0 unless z = A% for
some u (the change from u to @ is not a problem). Substituting in we obtain

1 -
po= o Y At
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where

O

We have proven, more or less, Theorem 6 of [Székely et al., 1993] without
any reference to trees. In the special case that r = 2, (17.6) becomes the
classical Hadamard transform of [Hendy and Penny, 1989, Steel et al., 1992].

Note that the formula H~!exp[Hb is invertible. This means that every
split network gives a different character distribution. We cannot recover split
networks from their distance metrics dys but we can recover them from their
character probabilities. A maximum likelihood estimator based on (17.6) will
be statistically consistent.

17.8 Discussion

We have discussed ways in which stochastic models for trees can be general-
ized to split networks. En route, we have rediscovered the Fourier calculus
approach of [Székely et al., 1993]. This is comforting: Felsenstein describes
the Hadamard type approach as “one of the nicest applications of mathemat-
ics to phylogenies so far.” While we have not made a substantial mathematical
contribution to the theory, we have proposed a quite different way to look at
these methods.

For us, the Hadamard transform is useful because it gives character proba-
bilities for general collections of splits, not because it is invertible. A maximum
likelihood method, or Bayesian method, only requires a way to compute char-
acter probabilities. The transform taking probabilities to split weights is less
useful in this context, since it requires a huge number of parameters. If we use
the Hadamard as a statistical model we can optimize likelihood and restrict
the number of parameters appropriately.

One key problem remains. The constraint that we only use group based
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mutation models is too much of a restriction. For nucleotide data, and es-
pecially for protein data, a uniform stationary distribution is unrealistic. It
is reasonable to believe that some reasonable generalization of these results
exists for more general mutation models: after all there is no such restriction
on distance based methods. What exact form these generalizations will take
is, at the moment, anybody’s guess.
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Small Trees and Generalized Neighbor-Joining
Mark Contois

Dan Levy

Direct reconstruction of phylogenetic trees by maximum likelihood methods is
computationally prohibitive for trees with many taxa; however, by computing
all trees for subsets of taxa of size m, we can attempt to infer the entire
tree. In particular, if m = 2, the traditional distance-based methods such as
neighbor-joining [Saitou and Nei, 1987] and UPGMA [Sneath and Sokal, 1973]
are applicable. Under distance-based methods, 2-leaf subtrees are completely
determined by the total length between the pairs of leaves. We extend this
idea to m leaves by defining the m-dissimilarity of a set R € (i) as the total
length of the subtree spanning R. By building small subtrees of size m and
finding the total length, we can obtain an m-dissimilarity map on X. We will
define the Generalized Neighbor-Joining (GNJ) algorithm [Levy et al., 2004]
for obtaining a phylogenetic X-tree with edge lengths given an m-dissimilarity
map on X.

This algorithm is consistent: given an m-dissimilarity map D7 that comes
from a tree T', GNJ returns the correct tree. However, in the case of data that
is “noisy”, e.g., when the observed dissimilarity map does not lie in the space of
X-trees, the accuracy of GNJ depends on the reliability of the subtree lengths.
Numerical methods may run into trouble when models are of high degree (1.3);
exact methods for computing subtrees, therefore, could only serve to improve
the accuracy of GNJ. One family of such methods consists of algorithms to
find critical points of the ML equations as discussed in chapter 15 and in
[Hosgten et al., 2004]. We explore the results of this method for the Jukes-
Cantor DNA model on three taxa and conjecture that, for any 3-subtree, there
is at most one critical point yielding edge lengths that are positive and real.

18.1 From Alignments to Dissimilarity

Any method for phylogenetic tree reconstruction begins with a sequence align-
ment. Distance-based methods then proceed by comparing pairs of taxa from

347
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this alignment to find the distances between them. Let X be the set of taxa
and (),f) the set of all subsets R C X such that |R| = k. Then ()2() is the set
of all pairs of taxa and D : ()2( ) — R+ assigns a distance to each pair of taxa.
We call D a dissimilarity map on X. Where there is no confusion, we will
write D({a,b}) as D(a,b).

If @ and b are taxa in X, we may compare their aligned sequences to find
the Jukes-Cantor corrected distance D jo(a,b). If the alignment has a length
of L and a and b differ in k£ places, then

3 4

where p = % It has been shown in 4.2 that D jc(a,b) is the maximum likeli-
hood branch length estimate of the alignment of a and b, with respect to the
JC model on the simple two-leaf tree. The conceit of distance-based meth-
ods is that the branch length estimate on the two-leaf tree is a good estimate
of the total path length from a to b in the maximum likelihood tree T" on
X. Stated in the terms of section 2.4, distance based methods are effective
when D¢ is close to dp, the tree metric on X induced by 7. (Recall that
or(a,b) = ZeePab Ir(e), where P, is the path from a to b in T' and [ is the
length function associated to the edges of T'.)

We can extend the notion of dissimilarity maps to subsets of X larger than
two. We define an m-dissimilarity map on X as a function D : (i) — Ryo.
That is, D assigns a positive real value to every subset of X of size m. In
particular, a dissimilarity map is a 2-dissimilarity map. Again, where there
is no confusion, we will write D({x1, ..., zn}) as D(x1,...,zy,). For a subset
R C X, we define [R] as the spanning subtree of R in T: [R] is the smallest
subtree of T' containing R. For two leaves, a,b € X, the path from a to b, Py,
is equivalent to the spanning subtree [{a, b}].

Just as we defined tree metrics induced by a tree T, we can define the m-
dissimilarity map induced by 7', DI : (i ) — R by

for R C X, |R| = m. DI (R) is the sum of all the edge lengths in the spanning
subtree of R. We call DI (R) the m-subtree length of [R]. Since Py, = [{a, b}],
DY (a,b) = 67(a,b), and the 2-dissimilarity map induced by T is a tree metric.

Just as we used the JC corrected distance to approximate dr, we can employ
analytical or numerical methods to find maximum likelihood estimates for the
total branch lengths of subtrees with m leaves. To find an approximate m-
dissimilarity map, D, for all R € (i), we find the MLE tree for R and sum
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the branch lengths:
D(R)= > lrme)
)

eeT(R
where T'(R) is the MLE tree for R.

18.2 From Dissimilarity to Trees

The neighbor-joining algorithm and its variants are examples of methods that
take an approximate dissimilarity map and construct a “nearby” tree. Sim-
ilarly, we would like to define an algorithm that takes as its input an m-
dissimilarity map and constructs a ‘“nearby” tree, and we would like this
method to be consistent: given an m-dissimilarity map DL induced by a tree
T, our algorithm should return 7.

The crux of our method is the construction of a 2-dissimilarity map Sp from
the m-dissimilarity map D. In the case that D is induced by a tree T', then
Sp will be the tree metric induced by a tree T”. Further, 7" is isomorphic to a
contraction of certain “deep” edges, Esy,_m (1), of T. If | X| > 2m — 1, then T’
and T" are topologically equivalent. Further, there exists an invertible linear
map from edge lengths of T' to the edge lengths of T”.

The deletion of an edge e in T" divides 7" into two subtrees T (e) and Ts(e).
If L(T1(e)) and L(Tz(e)) are the leaves in each subtree, then we define the
depth of e, d(e) by

d(e) = min(|L(T1(e))|, |L(T2(e))])-

Observe that the pendant edges are exactly those edges of depth 1, and, if T’
has n leaves, then d(e) < % for any e € E(T'). We define Exx(T) = {e € E :
d(e) > k}. For example, F~1(T) is all the interior edges of T'.

For any edge e in T', we may contract e by deleting the edge and identifying
its vertices. We write the resulting tree as T'/e and for a set of edges FE’,
the contraction of each edge in that set is denoted as T/E’. For example,
T/E~1(T) contracts all interior edges and has the star topology (figure 18.1).
We may now state our claim explicitly:

Theorem 18.1 Let D be an m-dissimilarity map on a set X of size n. We

define
Sp(i,5)= Y,  D(i,j,R). (18.2)
re(7)
If D = DI then Sp = DT and T' is isomorphic to T/E<p—_m. Further, there

exists an invertible linear transformation between the interior edge lengths of
T to T/Esp—m. If Exn_p is empty, then there is also an invertible linear
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Fig. 18.1. In the center, we have a tree T surrounded by T/E~y for k = 11,4,2, and 1
starting at the top left and proceeding clockwise. The red circle represents the vertex
to which the edges of E~j have collapsed. Notice that T has 24 leaves and so F~12 = 0)
and T/E>12 =T.

transformation between the pendant edges; otherwise, the pendant edges may
not be determined uniquely.

Observe that for a phylogenetic X-tree with edge lengths, 7', any linear com-
bination of the m-subtree lengths is a linear combination of the edge lengths
I7(e) in the tree. This is because DI (R) = >_ee(r) lr(€); ie. every m-subtree
length is the sum of the edge lengths in the spanning subtree. For a linear
function on the m-subtree lengths F : R(m) — R, let vp(e) denote the coeffi-
cient of I7(e) in F. For instance, vg(; j)(e) denotes the coefficient of Ir(e) in
S(i,7). Note that vpig(e) = vr(e) + vg(e). We will also use the notation
L;(e) to denote the set of leaves in the component of 7"\ e that contains leaf 1.

Lemma 18.2 Given a pair of leaves a,b and any edge e we have

(n—2) e € Puy;

m—2

() = (F5257%) e ¢ Pan

Proof 1If e is on the path from a to b, then it will be included in all the subtrees

Vs(ap)(€) =
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[a,b,Y]. If e is not on the the path from a to b, then the only way it will be
excluded is if all the other leaves fall on the a side of e (which is the same as
the b side); that is, if Y C Ly(e) \ {a, b}. There are ('L‘;ge_)g_z) such sets. O

Lemma 18.3 Given a quartet (a1, as; as, aq) in T with interior vertices by and
by (figure 18.2),

9(n2) — ("I (92 e €y,

m—2 m—2 brij21)
Us(aran+saan () = 2(073) = (F0)7%) = (F2l9)7%) e € Py,
2(m3) =257 e ¢ [ar, a2, a3, a4).
2(p3) = ("2 e e Pabrijn’
VS(a1,a3)+S(as,as) (€) = 2("72%) e € Py
2(n3) —2("1lU?) e ¢ ar, a2, a3, 04].

m—2

and

US(a1,a4)+5(az,a3) = VS(ay,a3)+S5(az,a4)

Fig. 18.2. A quartet (a1, as;as, ay)

Proof We use the fact that vg(q, a9)+S(as,a1) = VS(a1,a0) T VS(az,ae) @0d apply
the previous lemma. We also note that for e ¢ [{a1, a2, as, as}], La,(€) = Lq,(e)
for all 7.

O

Corollary 18.4 For a quartet (a1, az;as, ayq), we define

S(a, az; a3, a4) = S(ay, az) + S(az, as) — S(a1, a3) — S(az, as).
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Then,

_(|La71n(f)2|_2) - (n_|L¢21—(26)|_2) € € Pypy;

US(a1,a2;a3,a4) (e) =
0 otherwise.

Corollary 18.4 implies that S satisfies the four-point condition (as discussed
in section 2.4 and theorem 2.35) although it may be that vg(4,ay:a5a,)(€) = 0
which means that the edge e has been contracted in 7. In particular, this
happens when |Lg, ()] < m and n — |L,, (e)] < m which is equivalent to
d(e) > n —m. So for any quartet (a1, as;as, aq), if the splitting path contains
at least one edge e such that d(e) < n — m, then T’ has the same quartet.
However, if every edge in the splitting path has d(e) > n — m, then T” does
not contain that quartet. Consequently, 7" is isomorphic to T/ E~,_m,.

It remains to show that there is an invertible linear map between the edge
lengths in the 7" and T/ E~,_p:

Lemma 18.5 If e is an internal edge of T/E~y,_, with €' the corresponding
edge in T' then

n_ L[ ([La(e)] =2 | Le(e)| — 2
R (G R (e I
where a is a leaf in one component of T — e and ¢ a leaf in the other.

Proof Since e is an internal edge, we may choose a, b, c and d such that e is
the only edge on the splitting path of (a, b; ¢, d) (figure 18.3). Then

(541,9):(40;
(

dq(; —_22> * (n _nil (_6)2_ 2>> lr(e)-

I () =

N~ N~ N~

Corollary 18.6
2lp:(e)
(4 + (9)

which is well defined if d(e) < n —m.

Ir(e) =
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Fig. 18.3. The quartet (a, b; ¢, d) has only the one edge e on its splitting path.

Fig. 18.4. The pendant edge e; is incident on two other edges. We may choose leaves
a and b such that P;, N Py, = e;.

Lemma 18.7 Denote the edges adjacent to the leaves by ey, ..., e, (with cor-
responding edges in T' €}, ..., el ) and the set of internal (non-pendant) edges
by int(T) = E~;. Let

im 2 () (5059

ecint(T)

and let A be the matriz 2(;;__32)1 + (Z__?é).], where 1 is the identity matriz and
J is the matrixz with every entry equal to one. Then
lT/(ell) lT(el) 01
1
Co | =Al  +g]
lri(el) Ir(en) Chp

Proof The interior vertex of a pendant edge e; is incident to two other edges.
Choose a leaf a such that P, intersects one of the edges, and b such that Py,
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intersects the other (figure 18.4). Then
1
lT’(e/) = 5 (S(Zv (I) + S(Zv b) - S(av b))
which after some algebra gives the above lemma. O

Corollary 18.8

lT(el) 2lT/(e’1) — 01
: — A1 :
Ir(en) 2lri(el) — Cy,

where A1 = 2(:3:2) (I — %J)

In order to recover Ip(e) for every edge, we start by calculating the interior
edge lengths, after which we can calculate the values C;. The matrix A is
always invertible if m < n — 1; however, calculating C; requires that int(T) =
int(T"). If n < 2m — 1, then while we can determine all the interior edge
lengths of T'/E~,_, from T, if E<,_,, is nonempty, then some interior edges
of T have been contracted in T”. If we delete the edges of E~,_,, from T to
form the forest 7'\ E~,_,, then every connected component of T'\ F~,,_,, has
strictly fewer than m leaves. As a result, every m-subtree length will include
at least one undetermined edge, and so there is no way to uniquely determine
the lengths of the pendant edges.

18.3 The Need for Exact Solutions

These observations about Sp allow us to employ traditional distance-based
methods, such as neighbor joining (algorithm 2.40), to construct trees from
m-dissimilarity maps. For an alignment on a set of taxa X with |X| = n, we
proceed as follows:

(i) For each R € (i) use a (ML) method to find D(R).
(ii) For each pair (1, j), compute Sp(i, 7).
(iii) Apply neighbor joining to Sp to find a tree T".
(iv) Apply linear transformation to the edge lengths of T to find 7'

We refer to this class of algorithm as Generalized Neighbor-Joining (GNJ).

In section 2.4, we encountered the neighbor-joining method and the cherry-
picking matrix

Qp(i,j) = (n—=2)-D(i,j) = Y D(i,k) = > D(j,k).  (183)
k#i k#j
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If D is a tree metric for a tree T, then the minimum entry Qp(z,y) identifies
{z,y} as a cherry in T. We also encountered the quartet split length
1
4

which was instrumental in constructing an analogue to the cherry picking ma-

wp(i, ji k, 1) = —=[2D(i,j)+ 2D(k,l) — D(i, k) — D(i,1) — D(j, k) — D(j,1)]

trix. Here, we will see that it also plays a crucial rule in describing the effect
of agglomeration on the cherry picking matrix.

Having chosen a pair {z,y} that minimizes @Qp, the neighbor joining algo-
rithm proceeds to agglomerate x and y to a single vertex z. We form a new
set X' = X\ {z,y}U{z} and define D’ as a dissimilarity map on X’ such that,
for k,l e X'\ z,

1

D'z k) = 5D(w,k)+ D(y, k) = D(z,y)],

D'(k,1) = D(k,1).

A brief computation allows us to explicitly relate the agglomeration update to
the cherry-picking matrix. Specifically:

Qo(e.k) = 3[@p(e. k) +@ply, K)] +2D(.)
QD’(kvl) = QD(]C,Z)+21UD(£L',y7k‘,l)+2D(JE,y)

where Qp is the (n — 1) x (n — 1) cherry-picking matrix after agglomeration.
Given a 2-dissimilarity map D, we may construct a 3-dissimilarity map in-
duced by D as follows:

%@$@=%W@ﬁ+D@M+D@@L (18.4)

Theorem 18.9 Given D : ()2() — Rso, define D3 as in equation (18.4). If
we let S = Sp,, then Qg is related to Qp by an affine transformation. If S’
and D' are the 2-dissimilarity maps on X' after agglomeration of S and D
respectively, then Qg and Qpr are also related by an affine transformation.

Proof We first note that
S(i,j) = > Ds(i,jx)

e X\{i,j}

1 o . .
= 5 Z D(Zvj)—l_D(Zv:E)—i_D(]v:E)
zeX\{i,j}

= %[(n—4)D(i,j)—|— > D(i,z)+ > D(j,z)]. (185)

zeX\{i} zeX\{j}
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We substitute (18.5) into the cherry picking equation (18.3) and find that

n —

Qs = 5

where T'= > D(x,y) over all {z,y} € ()2()
To compute the effect on the update function, we agglomerate x and y to a

4
QD - 2T7

vertex z as above. We first note that

—4
ws(i, j; b, 1) = “=—wp (i, j; k. ).
Applying this to the update function (18.4), we obtain
n—4 . .
Qs = —5—Qp —2T+ Y D(i.2)+ Y D(i.y).

eX\z yeX\z
O

Corollary 18.10 Given a 2-dissimilarity map D and induced 3-dissimilarity
map D3, neighbor-joining applied to D is equivalent to GNJ applied to Ds.

Corollary 18.10 provides a means for comparing GNJ with traditional neighbor-
joining. In particular, given an MLE method for generating trees on alignments
of three taxa, we may compare its fidelity to the true total length with the fi-
delity of the 3-dissimilarity map induced by neighbor-joining’s 2-dissimilarity
map.

To this end, we compared the HKS method applied to Jukes-Cantor claw
trees (described in the following section) with the 3-dissimilarity map D3 con-
structed from Jukes-Cantor corrected 2-distances (as in equation 18.1). We
used seq-gen [Rambaut and Grassly, 1997] to generate pseudorandom align-
ments of triplets evolved from the Jukes-Cantor DNA model (o = %) on four
different tree shapes over a range of total tree lengths. The total lengths varied
from .125 to 7 and for each total length and each tree shape, we generated 100
alignments of length 500. Figure 18.5 shows that as the total length increases,
HKS generated values, are, on average, closer to the true value than those
generated from the Jukes-Cantor corrected 2-distance.

We may infer from this and corollary 18.10 that generalized neighbor-joining
with the HKS claw tree will be more accurate than neighbor-joining with
Jukes-Cantor corrected distances, particularly in trees with large pairwise dis-
tances. Experiments coupling GNJ with fast DNAml, a numerical approxima-
tion method, show an improvement over traditional neighbor-joining [Levy et al., 2004].
If conjecture 18.12 is true, then methods such as fast DNAml which locate a
biologically meaningful local maxima, will be assured to have found the only
global maximum for 3-leaf trees, and therefore, are commensurate with a global
maxima method such as HKS.
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Fig. 18.5. The expected value of the total length for claw trees with edge ratios (1:1:1),
(1:1:4), (1:2:4), and (1:4:4) as a function of the true total length. HKS indicates the
HKS claw tree method and JC indicates D3 computed from the Jukes-Cantor corrected
2-distance.

18.4 Jukes-Cantor Triples

Hosten et al. [2004] describe a method (here called the HK'S method by which
local maxima of likelihood functions may be identified using computer algebra
systems such as SINGULAR and MACAULAY 2. They also demonstrate the
application of this method to finding an ML parameter set for the Jukes-
Cantor DNA model on the three-taxon “claw” phylogenetic tree with uniform
root distribution. (This tree and its model invariants are described in chapter
15 as well as in [Pachter and Sturmfels, 2004a].) The parameter #; represents
the probability of a character’s remaining the same along branch i, and m; =
%(1 — 6;) the probability of its changing, according to the following transition
matrix (whose rows and columns are indexed by {A,C, G, T}):

0; m ™ ™

T, T QZ T
mom om0
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We define the members of K = {[123], [dis], [12], [13], [23]} to be equivalence
classes of observed characters at homologous loci for our three taxa: [123]
indicates that all three characters are identical, and [dis] that all three are
distinct; [12] corresponds to identical characters at taxa 1 and 2 and a different
character at taxon 3; and so on. As described in Chapter 1, an observation here
is just a vector u = (u123, Uds, U12, U13, U23) generated by tallying character
similarities over some number of loci.

The probability of making an observation in class k at a given locus is
denoted by pi. For the claw tree, we may write down each of these as a
trilinear form in 61, 6y, 03, 71, w0, T3:

p123 = 010203 + 3mymoms

Ddis = 601mom3 + 6w 0omwg + 6w b3 + 67 o3
pr2 = 360wz + 3mymal3 + 6mymams

P13 = 301me03 + 3m10oms + 6wy TS

p23 = 3mibals + 301 moms + 6T moms

Our wish, as the reader may have anticipated, is to find a parameter 0=
(51, 05, 53) that maximizes the likelihood function L(0) = [],cx Py, or equiv-
alently the log-likelihood function £(6) = 3, - i ux log pg, given an observation
U.

Algebraic statistical methods, including HKS, tend to operate in vector
spaces of arbitrary dimension over algebraically closed fields such as C. For
many problems susceptible to ML methods, there is an obvious motivation to
constrain the solution set to a region (or regions) of the parameter space corre-
sponding to inputs that are in some sense “reasonable” or “meaningful”—this
has already been seen in examples such as 1.6, where only parameters lying in
the preimage of the probability simplex are admissible.

Specifically, for phylogenetic tree models it is natural to define the following
restricted parameter space:

Definition 18.11 Given an algebraic statistical model of a phylogenetic tree
T, a biologically meaningful parameter for the model is a parameter § € © C R?
that induces a tree in which all branch lengths are nonnegative real.

In the case of the claw tree, branch lengths may be determined from tran-
sition probabilities by the Jukes-Cantor corrected distance map as given in
equation 18.1 (the transition probability p there is our ;). Now consider the
inverse map:

1+ 3e—4bi/3

0; 1

(18.6)
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where b; is the length of branch i. Note that 6; € R if and only if Im(b;) €
{37n/4|n € Z}; when b; is real, branch lengths in [0, 00) go to 6;’s in (1, 1].

On this tree, therefore, a biologically meaningful parameterization is one in
which % < 01,0,605 < 1.

We applied the HKS algorithm, using MAPLE and SINGULAR code due to Gar-
cia and Hosten, to find local maxima of the likelihood function for this model,
and found that, given some 20,000 observation vectors—half with independent
randomly generated components and half derived from seq-gen alignments
—at most one biologically meaningful solution was found for each observation.

Conjecture 18.12 For any observation (uy), the Jukes-Cantor DNA claw
tree model admits at most one local mazimum (px) that gives a biologically
meaningful parameterization 6.

This conjecture, if true, would have a number of interesting consequences:
even if approximate numerical methods are used to target local maxima of the
likelihood function, we could be assured that any maximum occurring in the
biologically meaningful region © = (i, 1]® was unique. Identifying bounds on
the number of biologically meaningful ML solutions for this and other models
promises to be a rich area of inquiry.
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Tree Construction Using Singular Value
Decomposition

Nicholas Eriksson

We present a new, statistically consistent algorithm for phylogenetic tree con-
struction that uses the algebraic theory of statistical models (as developed in
Chapters 1 and 3). Our basic tool is the Singular Value Decomposition (SVD)
from numerical linear algebra.

Starting with an alignment of n species, we show that the SVD allows us
to quickly decide whether a split of the species occurs in their phylogenetic
tree, assuming only that evolution follows a tree Markov model. Using this
fact, we have developed an algorithm (jointly with Sagi Snir) to construct a
phylogenetic tree by computing only n? SVD’s.

We have implemented this algorithm using the SVDLIBC library{ and have
done extensive testing with simulated and real data. The algorithm is very
fast in practice on trees with 20-30 taxa.

We begin by describing the general Markov model and then show how to
flatten the joint probability distribution along a partition of the leaves in the
tree. We give rank conditions for the resulting matrix; notably, we give a set
of new rank conditions that are satisfied by non-splits in the tree. Armed with
these rank conditions, we show how to use the SVD to calculate how close a
matrix is to a certain rank and present the tree building algorithm. Finally, we
give experimental results on the behavior of the algorithm with both simulated
and real-life (ENCODE) data.

19.1 The General Markov Model
We assume that evolution follows a tree Markov model, as introduced in Sec-
tion 1.4, with evolution acting independently at different sites of the genome.
We do not assume that the transition matrices for the model are stochastic.

Furthermore, we do not assume the existence of a global rate matrix (as in
Section 4.5).

t Available at http://tedlab.mit.edu/~dr/SVDLIBC/

360
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This model is called the general Markov model. It is a more general model
than any in the Felsenstein hierarchy (Figure 4.6). The main results in this
paper therefore hold no matter what model in the Felsenstein hierarchy one
works with.

Under the general dogma that statistical models are algebraic varieties, the
polynomials defining the varieties are of great interest. Initially, in [Cavender and Felsenstein, 1987]
and [Lake, 1987], certain linear relations for the Jukes-Cantor model were iden-
tified and named “phylogenetic invariants”. These invariants have been used
to infer phylogenies on four and five taxa; see [Sankoff and Blanchette, 2000].
Sturmfels and Sullivant finished the classification of the invariants for group
based models ([Sturmfels and Yu, 2004]); see Chapter 15 for an application of
these invariants for constructing trees on four taxa. Invariants for the gen-
eral Markov model have been studied extensively by Allman and Rhodes (see
[Allman and Rhodes, 2003, Allman and Rhodes, 2004b, Allman and Rhodes, 2004a]).

The main problem with invariants is that there are exponentially many poly-
nomials in exponentially many variables to test on exponentially many trees.
Because of this, they are currently considered impractical by many and have
only been applied to small problems. However, we solve the problem of this
combinatorial explosion by only concentrating on invariants which are given
by rank conditions on certain matrices, called “Hattenings”.

19.2 Flattenings and Rank Conditions

Recall from Chapters 2 and 17 that a split A, B in a tree is a partition of the
leaves obtained by removing an edge of the tree. We will say that A, B is a
partition of the set of leaves if it is not necessarily a split but merely a disjoint
partition of the set of leaves into two sets.

Throughout, all trees will be assumed to be binary with n leaves. We let
m denote the number of states in the alphabet 3. Usually m = 4 and X =
{A,C,G,T} or m = 2 and ¥ = {0,1}. We will write the joint probabilities
of an observation on the leaves as p;, ;.. That is, p;,. 4, is the probability
that leaf j is observed to be in state i;. We write P for the entire probability
distribution.

Although the descriptions of tree-based models in this book all deal with
rooted trees, we will mostly consider unrooted tree models, which are equiva-
lent for the general Markov model, see [Allman and Rhodes, 2004a] for details
on this technical point. Our tree building algorithm actually constructs a
rooted tree, but the rooting is arbitrary.

Definition 19.1 A flattening along a partition A, B is the ml4 by m!B| matrix
where the rows are indexed by the possible states for the leaves in A and the
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columns are indexed by the possible states for the leaves in B. The entries of
this matrix are given by the joint probabilities of observing the given pattern
at the leaves. We write Flaty p(P) for this matrix.

Example 19.2 (Flattening a split on 4 taxa) Let T be a tree with 4 leaves
and let m =4, ¥ = {A,C,G,T}. The split {1, 3}, {2,4} flattens to the 16 x 16
matrix Flaty; 3y (5 43(P) where the rows are indexed by bases of taxa 1 and 3
and the columns by bases of taxa 2 and 4:

AA AC AG AT CA cC

AA [ paann Danac Pasac  PAAAT  PACAA  DACAC
AC| panca Dancc DPaace Paact  Pacca  Pacce
AG | panca Dancc DPance PaacT  Pacea  PacGe
Flatgs).2(P) = g DAATA  PAATC PAATG  PAATT DACTA  DACTC

CA | pcana  Dcanc  Pcarc  PCAAT  PCCAA  PCCAC

Next we define a measure of how close a general partition of the leaves is
to being a split. If A is a subset of the leaves of T', we let T4 be the subtree
induced by the leaves in A. That is, T4 is the minimal set of edges needed to
connect the leaves in A.

Definition 19.3 Suppose that A, B is a partition of [n] and T4 is the subtree
of T" induced by the leaves in A (similarly for Tg). The “distance” between the
partition A, B and the nearest split, written e(A, B), is the number of edges
that occur both in T’y and in T'g.

Notice that e(A, B) = 0 exactly when A, B is a split.

Example 19.4 Let T be the 6 taxa tree pictured in Figure 19.1. Then
e({1,2},{3,4,5,6}) = 0, but e({1,2,3},{4,5,6}) = 1.

Our main theorem ties together how close a partition is to being a split with
the rank of the flattening associated to that partition.

Theorem 19.5 Let A, B be a partition of [n], let T be a binary, unrooted tree
with leaves labeled by [n], and assume that the joint probability distribution P
comes from a Markov model on T with an alphabet with m letters. Then the
generic rank of the flattening Flata g(P) is given by

mmin(e(A,B)+1,|A|,|B|)

Proof We claim that Flats g(P) can be thought of as the joint distribution
for a simple graphical model. Pick all of the nodes that are shared by the
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Fig. 19.1. If A = {1,2,3} and B = {4,5,6}, then e(A4, B) = 1 and Flats p(P) is the
joint distribution for a 3 state graphical model where the root R has m? states and
the leaves A and B have m? states each.

induced subtrees for A and B. If this set is empty then A, B is a split, in
that case pick one of the vertices of the edge separating A and B. Notice that
this set has cardinality e(A, B) + 1. Think of these vertices as a single hidden
random variable R with me4-5)+1 states. Group the states of the nodes in A
together into one m!4l-state observed random variable; similarly the nodes in
B are grouped into a m!Pl-state random variable. Then create the graphical
model with one hidden m®A4-5)+1 state random variable and two descendent
observed variables with m!4l and m!?! states. Notice that Flat g(P) is the
joint distribution for this model. See Figure 19.1 for an example.
Furthermore, the distribution for this 3-state model factors as

Flats p(P) = MJ diag(nr(R))Mp

where 7(R) is the distribution of R and M4 and Mp are the m45) x ml4l
and meAB) x mlBl transition matrices. That is, the (i,7) entry of M4 is the
probability of transitioning from state ¢ at the root R to state j at A.

To say the tree distribution factors like this just means that

Prob(A =1i,B =j) = Prob(R = k)Prob(A=1i| R = k)Prob(B =j| R=k)
k

Notice that all of the terms in this expression can be written as polynomials
in the edge parameters (after choosing a rooting). Therefore the flattening
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min(e(A,B)+1,|A|,|B|)' It 1S not

factors, so the rank of Flats p(P) is at most m
hard to see that all matrices in this factorization generically have full rank

since the monomials that appear in them are distinct. O

This theorem gives rise to a well known corollary upon noticing that if A, B
is a split, then e(A, B) = 0 (see [Allman and Rhodes, 2004a], for example).

Corollary 19.6 If A, B is a split in the tree, the generic rank of Flats p(P)
8 M.

Example 19.7 In Example 19.2, the 16 x 16 matrix Flat; 3 ¢2 43(P) has rank
4 if the split {1, 3}, {2,4} occurs in the tree, otherwise, it has rank 16.

In fact, if m = 2, it has recently been shown by Allman and Rhodes
[Allman and Rhodes, 2004b] that the rank conditions in Corollary 19.6 gen-
erate the ideal of invariants for the general Markov model. However, they do
not suffice if m = 4, in that case a polynomial of degree 9 (see [Strassen, 1983,
Garcia et al., 2004]) lies in the ideal of invariants and [Landsberg and Manivel, 2004]
show that this polynomial is not generated by the degree 5 rank conditions.

19.3 Singular Value Decomposition

The SVD provides a method to compute the distance between a matrix and the
nearest rank k£ matrix. In this section, we briefly introduce the basic properties
of the SVD. See [Demmel, 1997] for a thorough treatment. Throughout, let A
be a m x n matrix with m <n.

Definition 19.8 A singular value decomposition of a m X n matrix A is a
factorization A = ULVT where U is n x n orthogonal, V is m x m orthogonal
and ¥ = (21 0), where ¥ = diag(o1,09,...,0m), with 01 > 09 > -+ > 0.

Definition 19.9 Let a;; be the (4, j) entry of A. The Frobenius norm, written
||Al|F, is the root-sum-of-squares norm on R™™. That is,

|AllF = \/ Za?j'

The Ly norm, written ||A]|2, is given by

A
11 A]]2 = maxq )1 { I :nll}

|||

Theorem 19.10 The distance from A to the nearest rank k matriz is

min ||[A— Bl||p =
Rank(B)=k
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in the Frobenius norm and

i A— Blls =
Ranrlgl(lg):kH ll2 = okt1

in the Lo norm.

One way of computing the singular values is to compute the eigenvalues
of AT A, the singular values are the square roots of these eigenvalues. Therefore,
general techniques to solve the real symmetric eigenvalue problem can be used
to compute the SVD. These various methods, both iterative and direct, are
implemented by many software packages for either sparse or general matrices.
We will discuss the computational issues with the SVD after we describe how
to use it to construct phylogenetic trees.

19.4 Tree Construction Algorithm

Now that we know how to tell how close a matrix is to being of a certain rank,
we can test if a given split comes from the underlying tree or not by using the
SVD to tell how close a flattening matrix is to being rank m. However, since
there are exponentially many possible splits, we must cleverly search through
this space. We do this by building the tree bottom up, at each step joining
cherries together, in a method reminiscent of neighbor joining (Algorithm 2.40).

It is an interesting open question whether the additional information in The-
orem 19.5 about non-splits that are almost splits can be harnessed to produce
an improved algorithm.

Algorithm 19.11 (Tree construction with SVD, joint with S. Snir)
Input: A multiple alignment of genome data from n species, from the alphabet
>} with m states.

Output: An unrooted binary tree with n leaves labelled by the species.

Initialization: Compute joint probabilities p;, ;. That is, count occurrences
of each possible column of the alignment, ignoring columns with characters not
in Y. Store the results in a sparse format.

Loop: For k from n down to 2.

For each of the (g) pairs of species compute the SVD for the split {pair},
{other k — 2 species}. Pick the pair that is closest to rank m according to the
Frobenius norm and join this pair together in the tree. That is, consider this
pair as a single element when picking pairs at the next step.

Proposition 19.12 Algorithm 19.11 requires the computation of n> SVD'’s.

Proof At the first step, we compute an SVD (Z) times. At each subsequent
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step, we only need to compute those splits involving the pair that we just
joined together. Thus we compute (n —2)+ (n—3)+---+1= ("gl) total
SVD'’s after the first step for (}) + ("51) = n? SVD computations in total. [

The flattenings are very large (size mlAl x m!B |), yet they are typically very
sparse. If an alignment is of length L, at most L entries of the flattening and
typically many fewer are non-zero. Generally, computing all singular values of
a a x b matrix takes O(a?b + ab?) time. However, Lanczos iterative methods
allow singular values to be computed quickly individually, starting with the
largest. Furthermore, sparse matrix techniques allow us take advantage of this
structure without having to deal with matrices of exponential size.

Since we will be comparing the SVD from different sized splits, we need
to compute distances in the Frobenius norm, which does not change as the
dimensions of the matrices change (as long as the number of entries is constant).
This means that we should compute all singular values, however that is difficult
computationally. But in practice, the singular values typically decrease very
quickly, so it suffices to compute only the largest singular values to estimate
the Frobenius norm.

By exploiting the sparsity and only computing singular values until they
become sufficiently small, we find that we are able to very quickly compute
the SVD for for flattenings coming from trees of size at most 31 with binary
data (m = 2) and roughly size 15 with DNA data (m = 4). This limitation
is due to limits on the size of array indices in SVDLIBC and can probably
be exceeded. Furthermore, there are very good approximation algorithms (see
[Frieze et al., 1998]) for the SVD that could make very large problems practi-
cal.

Theorem 19.13 Algorithm 19.11 is statistically consistent. That is, as the
probability distribution converges to a distribution that comes from the general
Markov model on a binary tree T', the probability that Algorithm 19.11 outputs
T goes to 1.

Proof We must show that the algorithm picks a correct split at each step, that
is, that as the distribution approaches the true distribution, the probability
of choosing a bad split goes to zero. By Corollary 19.6, we see that a true
split will lead to a flattening that approaches a rank m matrix, while other
partitions will approach a matrix of higher rank (except for partitions where
one set contains only one element, however, these are never considered in the
algorithm). Therefore, as the distribution approaches the true one, the distance
from rank m of the split will go to zero while the distance from rank m of the
non-split will not go to zero. O
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Example 19.14 We start with an alignment of DNA data of length 500 for 5
species, labeled 0, ..., 4. For the first step, we look at all pairs of the 5 species.
The score column is the distance in the Frobenius norm from the flattening to
the nearest rank 4 matrix.

Split Score

011234 2.7661
231014 3.1513
341012 5.9997
241013 6.0359
041123 6.8419
141023 6.9895
131024 8.0600
021134 8.0673
121034 8.1503
031124 8.2082

picked split 0 1 | 2 3 4
tree is 2 3 4 (0,1)

After the first step, we see that the split {0, 1}, {2, 3,4} is best, so we join the
nodes {0, 1} together in the tree.

Split Score

231014 3.1513
0141 23 3.1513
341012 5.9997
0121 34 5.9997
0131 24 6.0359
241013 6.0359

picked split 0 1 4 | 2 3
tree is 4 (0,1) (2,3)

We have found another cherry in the tree, this time we join {2, 3} together.

Split Score
234101 2.7661
0141 23 3.1513

picked split 0 1 | 2 3 4
tree is ((0,1),(4,(2,3)))

Finally we find that node 4 should be joined with the {2, 3} cherry, and the
tree is complete.
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Fig. 19.2. The 8-taxa tree used for simulation with (a,b) = (0.01,0.07) and
(0.02,0.19).

19.5 Performance Analysis
19.5.1 Building Trees with Simulated Data

The idea of simulation is that we first pick a tree and simulate a model on
that tree to obtain aligned sequence data. Then we build a tree using Algo-
rithm 19.11 and other methods from that data and compare the answers to
the original tree.

We used the program seq-gen [Rambaut and Grassly, 1997] to simulate
data of various lengths for the tree in Figure 19.2 with various branch lengths.
This tree was chosen as a particularly difficult tree.

We simulated data under the general reversible model (the most general
model supported by seq-gen). Random numbers uniformly distributed be-
tween 1 and 2 were chosen on each run for the six transition parameters (see
Figure 4.6). The root frequencies were all set to 1/4.

Next, the data was collapsed to binary data (that is, A and G were identified,
similarly C and T). We used binary data instead of DNA data because of
numerical instability with the SVD using the much larger matrices from the
DNA data. It should be noted that Algorithm 19.11 performed better on
binary data than on DNA data. This may be due to the instability, however,
it may also be because the rank conditions define the entire ideal for binary
data.

We ran all tests using our Algorithm 19.11 as well as two algorithms from
the PHYLIP package (see Section 2.5): neighbor joining (i.e., Algorithm 2.40),
and a maximum likelihood algorithm (dnaml). All three algorithms took ap-
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Fig. 19.3. Percent of trees reconstructed correctly (for the 8 taxa tree with branch
lengths (a,b) = (0.01,0.07)) using our SVD algorithm and two PHYLIP packages.

proximately the same amount of time, except for dnaml, which slowed down
considerably for long sequences.

Figures 19.3 and 19.4 show the results of the simulations. Each algorithm
was run 1000 times for each tree and sequence length. While the SVD per-
formed slightly worse than the others, it showed very comparable behavior. It
should be noted that this tree is very difficult, requiring much more data than
a typical tree on 8 taxa.

19.5.2 Building Trees with Real Data

For data, we use the October 2004 freeze of the ENCODE alignments. For
detailed information on these, see Section 4.3, Chapters 21 and 22.

As in Chapter 21, we restricted our attention to 8 species: human, chimp,
galago, mouse, rat, cow, dog, and chicken. We processed each of the 44 EN-
CODE regions to obtain 3 data sets. First, for each region, all of the ungapped
columns were chosen. Second, within each region, all ungapped columns that
corresponded to refSeq annotated human genes were chosen. Third, we re-
stricted even further to only the human exons within the genes. Bins without
all 8 species and bins with less than 100 ungapped positions in the desired class
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Fig. 19.4. Percent of trees reconstructed correctly (for the 8 taxa tree with branch
lengths (a,b) = (0.02,0.019)) using our SVD algorithm and two PHYLIP packages.

were removed from consideration. This left us with 33 regions for the entire
alignment, and 28 for both the gene and exon regions, of lengths between 302
and over 100000 base pairs. See Chapter 21 for a more through discussion of
these data sets.

As is discussed in Section 21.4, tree construction methods that use genomic
data usually misplace the rodents on the tree. The reasons for this are not
entirely known, but it could be because tree construction methods generally
assume the existence of a global rate matrix (cf. Section 4.5) for all the species,
however, rat and mouse have mutated faster than the other species. Our
method does not assume anything about the rate matrix, however, and thus
is promising for situations where additional assumptions beyond the Markov
process of evolution at independent sites are not feasible.

In fact, Table 19.1 shows that our algorithm performs better on the EN-
CODE data sets. While it did not construct the correct tree a majority of
the time, it came much closer on average than dnaml, which almost never con-
structed the correct tree (see Figure 21.7 for the correct tree and a common
mistake).
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SVD dnaml

Ave. distance % correct Ave. distance % correct

All 2.06 5.8 3.29 2.9
Gene 1.93 10.3 3.21 0.0
Exon 2.43 21.4 3.0 3.5

Table 19.1. Comparison of the SVD algorithm and dnaml on data from the
ENCODE project. Distance between trees is given by the Robinson-Foulkes
measure.
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20
Applications of Interval Methods to Phylogenetics

Raazesh Sainudiin

Ruriko Yoshida

In this chapter, we will apply interval methods to problems in phylogenetics.
An interval extension of the recursive formulation for the likelihood function
of the simplest Markov model of DNA evolution on unrooted phylogenetic
trees with a fixed topology is used to obtain rigorous enclosure(s) of the global
maximum likelihood. Thus, we can obtain the validated global maximizer(s)
inside any compact set of the parameter space which is the set of all branch
lengths of the tree. The algorithm is an adaptation of a widely applied global
optimization method using interval analysis for the phylogenetic context. The
method is applied to enclose the most likely 2, 3, and 4 taxa trees under the
simplest model of DNA evolution. The method is general and can provide
rigorous estimates when coupled with standard phylogenetic algorithms.

20.1 Interval methods for exact solutions

When statistical inference is conducted in a maximum likelihood (ML) frame-
work, one is interested in the global maximum of the likelihood function over
the parameter space. In practice one settles for a local optimization algorithm
to numerically approximate the global solution since explicit analytical solu-
tions for the maximum likelihood estimates (MLEs) are not available. How-
ever, statistical inference procedures that rely on finding some global optimum
through any numerical approach may suffer from at least five major sources of
errors. To fully appreciate the sources of errors one needs some understand-
ing of a number screen. Computers only support a finite set of numbers that
are usually represented in a semi-logarithmic manner as a set of fixed length
binary floating-point numbers of the form, z = +m - 2° = £0.1my - - -m,, - 2°,
where m is the signed mantissa (m; € {0,1},Vi,1 < i < p) with base 2, p is
the precision, and e is the exponent (e < e < €) [IEEE Task P754, 1985].
Thus, the smallest and largest machine-representable numbers in absolute
value are z = 0.10---0-2¢ and T = 0.11---1 - 2%, respectively. Thus, the

373
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binary floating-point system of most machines R = R(2, p, ¢, €) is said to form
a screen of the real numbers in the interval [—Z, +Z] with 0 uniquely rep-
resented by 0.00---0 - 2% Arithmetic on a machine is typically performed
with such a screen in an inexact manner and may suffer from the following
errors: roundoff error — the difference between computed and exact result
[Cuyt et al., 2001, Loh and Walster, 2002], truncation error — from having to
truncate an infinite sequence of operations, conversion error — inability to
machine-represent decimals with infinite binary expansion, and ill-posed sta-
tistical experiment — presence of unknown nonidentifiable subspaces.

The verified global optimization method [Hansen, 1980] sketched below rig-
orously encloses the global maximum of the likelihood function through interval
analysis [Moore, 1967]. Such interval methods evaluate the likelihood function
over a continuum of points including those that are not machine-representable
and account for all sources of errors described earlier. In the sequel we will see
that interval methods, in contrast to heuristic local search methods, can enclose
the global optimum with guaranteed accuracy by exhaustive search within any
compact set of the parameter space. We begin with a brief introduction to
interval analysis.

Lower case letters denote real numbers, e.g. x € R. Upper case letters
represent compact real intervals, e.g. X = [z, 7] = [inf(X),sup(X)]. Any
compact interval X € IR := {[a,b] : a < b, a,b € R}, the set of all compact
real intervals. The diameter and the midpoint of X are d(X) := T — z and
m(X) := (z + T)/2, respectively. The magnitude of X is (X) := min{|z| :
x € X} = min{|z|,|Z|}, if 0 ¢ X, and 0 otherwise. The magnitude of X
is |X| := max{|z| : = € X} = max{|z|, |Z|}, while the absolute value of an
interval X is [X|fj = {|z] : # € X} = [(X),[|X]]. The relative diameter of an
interval X, denoted by d, is the diameter d(X) itself if 0 € X and d(X)/(X)
otherwise. An interval X with zero diameter is called a thin interval with
z = T = x. The hull of two intervals is XUY := [min{z, y}, min{Z, 7}].
By the notation X € Y, it is meant that X is completely contained in Y,
ie. x > yand T < 7. No notational distinction is made between a real
number # € R and a real vector x = (x;,---,2,)7 € R” and between a
real interval X and a real interval vector or box X = (X1,---,X,)T € IR",
ie. X; =[x, 75 = [inf(X;),sup(X;)] € IR, where i = 1,--- ,n. For an inter-
val vector X, the diameter, relative diameter, midpoint, and hull operations
are defined component-wise to yield vectors, while the maximum over its com-
ponents is taken to obtain the maximal diameter and the maximal relative
diameter, doo(X) = max; d(X;) and dye;00(X) = max; dye(X;), respectively.
Also IR under the metric b, given by h(X,Y) := max{|z—y|, |T—7|}, is a com-
plete metric space. Convergence of a sequence of intervals { X (i)} to an interval
X under the metric h is equivalent to the sequence h(X @ X ) approaching 0
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as i approaches oo, which in turn is equivalent to both (¥ — z and () — 7.
Continuity and differentiability of a function F : IR” — IR* are defined in the
usual way. An interval arithmetic (IA) operation XoY := {zoy:z € X,y € Y}
thus yields the set containing the result of the operation done for every real pair
(z,y) € (X,Y). Although there are uncountably many real operations to con-
sider during an interval operation, the properties of continuity, monotonicity,
and compactness imply that:

X+Y =[z+yT+7y], X Y = [min{zy, 2y, Ty, 7y}, max{zy, 27, Ty, Ty }|,
X—Y:[Q—EE—QL X/Y:X[l/gal/_]v 0¢Y

This definition of IA leads to the property of inclusion isotony which stipulates
that X oY contains VoW provided V C X and W C Y. The identity elements
of + and - are the thin intervals 0 and 1, respectively. Multiplicative and
additive inverses do not exist except when X is also thin. IA is commutative
and associative but not distributive. However, X - (Y +2) C (X -Y)+ (X - Z).
For any real function f(z) : R — R and some box X € IR", let the range
of f over X be denoted by f(X) := {f(z) : x € X}. Inclusion isotony also
holds for interval evaluations that are compositions of arithmetic expressions
and the elementary functions. When real constants, variables, and operations
in f are replaced by their interval counterparts, one obtains F(X) : IR"” — R,
the natural interval extension of f. Guaranteed enclosures of the range f(X)
are obtained by F(X) by the inclusion property that z € X — f(x) €
F(X). The natural interval extension F(X) often overestimates the range
f(X), but can be shown under mild conditions to linearly approach the range
as the maximal diameter of the box X goes to zero, i.e. h(F(X), f(X)) <
a - doo(X) for some o > 0. This implies that a partition of X into smaller
boxes {XM), ... XM} gives better enclosures of f(X) through the union
U, F(X®) as illustrated in Figure 20.1.

Fig. 20.1. Range enclosure of — 22:1 kz sin (@) linearly tightens with mesh
Let \vF(z) and y2F(z) represent the interval extensions of s/f(x) and

V2 f(z), the gradient and Hessian of f. A better enclosure of f(X) is pos-
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sible for an f with the centered form,

fx) =fle)+vfb) (z—c) € flc)+ Vf(X)-(z —¢) € Fe(X),

where F.(X) := f(c) + VF(X) - (X —¢) and b,c,xz € X with b between c
and z. F.(X) is the interval extension of the centered form of f with center ¢
and decays quadratically to f(X) as the maximal diameter of X — 0. Finally,
some interval extensions of f are better at enclosing the true range than others.
Although the three functions shown in Figure 20.2 are equivalent, their interval
extensions yield different range enclosures. The interval extension F(3) is better
than F1) and F®) as depicted in Figure 20.2. Note that F®) ¢ F®) since
X? C X-X inIA.If X appears only once in the expression and all parameters
are thin intervals, it was shown by [Moore, 1979] that the natural interval
extension does indeed yield a tight enclosure, i.e. F(X) = f(X). In general,
one can obtain tighter enclosures by minimizing the occurrence of X in the
expression. Next we introduce automatic differentiation (AD).

F(2) )
FOX) = 52x + 5%
FOX)==%x  F-c-cooccoo----b oy
F(3)(X)_ 74X2 —%

F(Xo) = %5, 5] > F®(Xo) = [4g, %]‘ > F®(Xo) = [1, %]
Fig. 20.2. Extension-specific dependence of range enclosures

When it becomes too cumbersome or impossible to explicitly compute </ f ()
and 72 f(z) of a function f : R” — R, or when f itself is only available as an
algorithm, one may employ a Hessian differentiation arithmetic, also known
as AD [Rall, 1981]. This approach defines an arithmetic on a set of ordered
triples. Consider a twice-continuously differentiable function f : R” — R
with the gradient vector, 7 f(z) := (0f(x)/0x1,---,0f(x)/dx,)T € R™, and
Hessian matrix 2 f(z) := ((0%f(2)/02:0%;)); j={1,.. ny € R™™. For every f,
consider its corresponding ordered triple ( f(z), 7.f(x), V2f(x) ). The ordered
triples corresponding to a constant function, ¢(x) = ¢ : R — R, and a com-
ponent identifying function (or variable), I;(z) = z; : R* — R, are (¢, 0, 0)
and (xj, e, 0 ), respectively, where el is the j-th unit vector and the 0’s
are additive identities in their appropriate spaces. To perform an elementary
operation o € {4, —, -, /} with a pair of such triples to obtain another, as in
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(M=), Vh(z), V() = (f(z), Vf(z), V*f(z))o(g(z), vg(z), V?g(x)),
or to compose the triples of two elementary functions, we use the chain rules
of Newtonian calculus. For dyadic reasons, the differentiation arithmetic was
explained only in terms of reals. By replacing the real z’s above by in-
terval X’s and performing all operations in the real IA with the interval
extension F of f, one can rigorously enclose the components of the triple
(F(X), VF(X), v2F(X)) through an interval-extended Hessian differen-
tiation arithmetic such that for every x € X € IR", f(z) € F(X) € IR,
vf(xr) € vF(X) € IR", and 2f(x) € V2F(X) € IR™™. Next we take
advantage of AD to find the roots of nonlinear functions.

The interval version of Newton method computes an enclosure of the zero
x* of a continuously differentiable function f(x) in the interval X through the
following dynamical system in IR:

G (m(X(j)) - w) nxW =012,

Here, X(© = X, F/(XU)) is the enclosure of f'(x) over XU, and m(X))
is the mid-point of X(). The interval Newton method will never diverge,
provided that 0 ¢ F'(X () or equivalently that a unique zero of f lies in X (9.
[Moore, 1967] derived the interval Newton method. Under natural conditions
on f, the sequence of compact sets X(@ > X1 O X@ ... can be shown to
converge quadratically to z* [Alefeld and Herzberger, 1983]. One can derive
the above dynamical system in IR via the mean value theorem. Let f(x) be
continuously differentiable and f’(x) # 0 for all x € X such that z* is the only
zero of f in X. Then, by the mean value theorem, there exists ¢ € (x, z*) such
that f(x) — f(a*) = f'(¢)(x — z*) for every x. Since f’(c) # 0 by assumption,
and since f(z*) =0, it follows that:
: f(=z) f(z)
RO TP

N(X) is called the Newton operator and it contains z*. Since our root of
interest lies in X, 2* € N(X) N X. Note that the above dynamical system
in IR is obtained by replacing x with m(X) and X with X (@) in the previous

= N(X), VzeX.

expression. In a geometric interpretation of the usual Newton’s method, during
every j' iteration, a light beam is shone upon the domain from the point
(zY), f(219))) along the tangent to f(z) at /). The intersection of this beam
(white line in Figure 20.3) with the domain provides U+, which is where the
next iteration is resumed. However, in the interval Newton method, a set of
light beams are shone from the point (z(), f(2())) along the directions of all
the tangents to f(z) on the entire interval X. The intersection of these beams
(gray floodlight of Figure 20.3) with the domain is N(X()). The iteration is
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Fig. 20.3. Geometric interpretation of the interval Newton method

resumed with the new interval XU+D) = N(X©)) 0 XU, Next we extend the
interval Newton method in order to allow F’(X) to contain 0.

By including two ideal points +o0o and —oco to R, it becomes possible to
apply extended interval arithmetic (EIA) to IR* := IR U {(—o00,7| : T € R} U
{[z,+0) : x € R} U (—00,+00), the set of intervals with end points in the
complete lattice R* := RU{4o00}U{—0c0}, with respect to the ordering relation
<. Let [ ] denote the empty interval. Division by intervals containing 0 becomes
possible with the following rules:

(

(=00, 4+00) if0e X,orY =[0,0]
[] if0¢ X,and Y = [0, 0]
[Z/y, +00) if7<0, andy=0
XY = [2/7, +00) if0<z, and0=y <7y
(=00, Z/7] ifz<0, and 0=y <7y
(o0, z/y] if0<z, andy<y=0
(=00, /g U[T/y,+o0) ifT <0, and [0,0] €Y
(=00, z/ylU[z/y,+00) if 0 <z, and [0,0] €Y.

When X is a thin interval with x = x = T and Y has +00 or —o0 as one of its
bounds, then extended interval subtraction is also necessary for the extended
interval Newton algorithm, and is defined as follows:

(=00, +00) if Y = (—o0,+00)
(2, 7] =Y = { (—o0,z —y] if Y = (y,+o0)

[ —7,+00) ifY = (—00,7].
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The extended interval Newton method uses the EIA described above and
is a variant of the method based on [Hansen and Sengupta, 1981] with Ratz’s
modifications [Ratz, 1992] as implemented in [Hammer et al., 1995]. It can be
used to enclose the roots of a continuously differentiable f : R® — R" in a
given box X € IR". Let Jy(x) := ((0fi(x)/0%)))ij=(1,.ny € R™™" denote
the Jacobian matrix of f at z. Let Jp(X) O Jp(X) denote the Jacobian
of the interval extension of f. The Jacobian can be computed via AD by
computing the gradient of each component f; of f. By the mean value theorem,
f(m(X))—f(z*) = Jp(w)-(m(X)—x*), for some z* € X, w = (w1, wa, - -, wy),
where w; € X,Vi € {1,2,---,n}. Interest in z* with f(z*) = 0 yields the
following relation provided that Jg(z)Vz € X is invertible: z* € N(X)N X,
where N'(X) := m(X)—(Jp(X))~'- F(m(X)). An iteration scheme X 71 :=
NEXOD)YN XU for j = 0,1,---, and X(© := X will enclose the zeros of
f contained in X. To relax the assumption that every matrix in Jp(X) be
invertible, the inverse of the midpoint of Jp(X), i.e. (m(Jp(X)))™' = p €
R™™ is used as a matrix preconditioner. The extended interval Gauss-Seidel
iteration, which is also applicable to singular systems [Neumaier, 1990], is used
to solve the preconditioned interval linear equation,

where a € A :=p- F(m(X)),G := p- Jp(X), and ¢ := m(X). Thus, the
solution set S := {x € X : g- (¢ — z) = a,VYg € G} of the interval linear
equation a = G - (¢ — z) has the component-wise solution set S; = {z; € X; :
> i1 (gij-(cj—x5)) = a;, Vg € G}, Vi € {1,---,n}. Nowset Y = X, and
solve the ith equation for the ith variable iteratively for each i as follows:

Yi = ¢ — gil’i (ai + 2?21,j¢i(9i,j (Y5 —¢) )>
< (e by (A4 S G- (05— ) ) i

The interval vector(s) Y obtained at the end of such an iteration is the set,
Ngs(X), resulting from one extended interval Newton Gauss-Seidel step such
that S C Ngs(X) € X. Thus, the roots of f are enclosed by the discrete
dynamical system X () = Ngg(X ) in IR™. Every 0 of f that lies in X also
lies in Ngs(X). If Ngs(X) =[], the empty interval, then f has no solution
in X. If Ngs(X) € X, then f has a unique solution in X [Hansen, 1992].
When G;; D 0, the method is applicable with EIA that allows for division by
0. In such cases, one may obtain up to two disjoint compact intervals for Y;
subsequent to EIA and intersection with the previous compact interval X;. In
such cases, the iteration is applied to each resulting sub-interval.

All TA was done above with real intervals. However, R, the set of floating-



380 R. Sainudiin and R. Yoshida

point numbers available on a computing machine, is finite. A machine interval
is a real interval with floating-point bounds. One works with IR := {X €
IR : z,Z € R}, the set of all machine intervals, in a computer. In spite of the
finiteness of IR, the strength of TA lies in a machine interval X being able to
enclose the entire continuum of reals between its machine-representable bound-
aries. Operations with real intervals can be tightly enclosed by the rounding di-
rected operations, provided by the IEEE arithmetic standard, with the smallest
machine intervals containing them [Hammer et al., 1995, Kulisch et al., 2001].

20.2 Enclosing the likelihood of a compact set of trees

Let D denote a homologous set of distinct DNA sequences of length v from n
species. We want the MLEs of branch lengths for the most likely tree under
a particular topology. Let b denote the number of branches and s denote the
number of nodes of a tree with topology 7. Thus, for a given unrooted topology
7 with n leaves and b branches, the unknown parameter § = (6q,---,6) is
the real vector of branch lengths in the positive orthant (6, € R ). An explicit
model of DNA evolution is needed to construct the likelihood function which
gives the probability of observing data D as a function of the parameter 6.
The simplest such continuous time Markov chain model (JC69) on the state
space ¥ is due to [Jukes and Cantor, 1969]. One may compute (), the
log likelihood at site k € {1,---, v} through the following post-order traversal
[Felsenstein, 1981]:

(i) Associate with each node ¢ € {1,---, s} with m descendants, a partial
likelihood vector, 1, := (12',19,1¢,17) € R?, and let the length of the

branch leading to its ancestor be 6. '
(ii) For a leaf node ¢ with nucleotide i, set 1 = 1 and I = 0 for all j # i.
For any internal node ¢, set 1, := (1,1,1,1).

(iii) For an internal node ¢ with descendants s1, s9,- -+, sy,
12 = Z { lgi - Pij, (981) ) lgi - Pijy (982) o 1?;1 “Pij, (0s,,,) }-
Jiy,Jm €YD

(iv) Compute 1, for each sub-terminal node ¢, then those of their ancestors
recursively to finally compute 1, for the root node r to obtain the log
likelihood for site k, £ (9) =1, =log Y, s, (m; - 11).

T

Assuming independence across sites one obtains £(0) = S_7_, £()(0), the nat-
ural logarithm of the likelihood function for the data D by multiplying the
site-specific likelihoods. The problem of finding the global maximum of this
likelihood function is equivalent to finding the global minimum of [(#) := —£(6).
Replacing every constant ¢ by its corresponding constant triple (C, 0, 0), every
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variable ; by its triple (©;, e, 0 ), and every real operation or elementary
function by its counterpart in interval-extended Hessian differentiation arith-
metic in the above post-order traversal yields a rigorous enclosure of the nega-
tive log likelihood triple ( £(©), 7L(0), 72L(O) ) of the negative log likelihood
function [(6) over ©.

20.3 Global Optimization
20.3.1 Branch-and-bound

The most basic strategy in global optimization through enclosure methods is
to employ rigorous branch-and-bound techniques. Such techniques recursively
partition (branch) the original compact space of interest into compact sub-
spaces and discard (bound) those subspaces that are guaranteed to not contain
the global optimizer(s). For the real scalar-valued multi-dimensional objective
function [(#), the interval branch-and-bound technique can be applied to its
natural interval extension £(0) to obtain an interval enclosure £* of the global
minimum value [* as well as the set of minimizer(s) to a specified accuracy e.
Note that this set of minimizer(s) of £() is the set of maximizer(s) of the
likelihood function for the observed data D. The strength of such methods
arises from the algorithmic ability to discard large sub-boxes from the original
search region,

00 = (0".....0") = (o1, 5", 10\",8"]) c IR,

that are not candidates for global minimizer(s). Four tests that help discard
sub-regions are described below. Let £ denote a list of ordered pairs of the
form (@(i),%(i) ), where ©@ C ) and Low = min ( £(0®)) is a lower
bound for the range of the negative log likelihood function [ over ©®. Let [ be
an upper bound for I* and 7£(©®), denote the k-th interval of the gradient
box 7L(0W). If no information is available for [, then [ = co.

20.3.1.1 Midpoint cut-off test

The basic idea of the midpoint cut-off test is to discard sub-boxes of the search
space ©©) with the lower bound for their range enclosures above [, the current
best estimate of an upper bound for [*. Figure 20.4 shows a multi-modal [ as a
function of a scalar valued 6 over ©(0) = U}El@(i). For this illustrative example,
[ is set as the upper bound of the range enclosure of [ over the smallest machine
interval containing the midpoint of ©(15)
bound of its range enclosure. The shaded rectangles show the range enclosures

, the interval with the smallest lower

over intervals that lie strictly above [. In this example the midpoint cut-off test
would discard all other intervals except ©1), ©2) and ©W,

e Given a list £ and L.
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e Choose an element j of £, such that, j = argmin Lg), since 00 is likely
i

to contain a minimizer.
e Find its midpoint ¢ = m(©)) and let C' be the smallest machine interval
containing c.
e Compute a possibly improved | = min {I, £ ¢}, where Z ¢ := max(£(C)).
e Discard any i-th element of £ for which Lgn) > [>1*

1(6)

Ry

| | | | I | 1 |
o(l) o(2) o) o) . . . B . . . o(15)g(16)

Fig. 20.4. Midpoint Cut-off test

20.3.1.2 Monotonicity test

For a continuously differentiable function [(6), the monotonicity test determines
whether 1(6) is strictly monotone over an entire sub-box 0% < 00, If [ is
strictly monotone over ©()| then a global minimizer cannot lie in the interior
of ©® . Therefore, ©@ can only contain a global minimizer as a boundary
point if this point also lies in the boundary of ©(). Figure 20.5 illustrates
the monotonicity test for the one-dimensional case. In this example the search
space of interest, ©() = [Q(O), 5(0)] = Ule@(i), can be reduced considerably. In
the interior of () one may delete ©@, ©G) and O since [(#) is monotone
over them as indicated by the enclosure of the derivative I’(6) being bounded
away from 0. Since /() is monotonically decreasing over ©(1) one can also
deleted it since we are only interested in minimization. ©®) may be pruned to
its right boundary point §(8) = 5(8) = 5(0) due to the strictly decreasing nature
of 1(0) over it. Thus, the monotonicity test has pruned 0 to the smaller

candidate set {5(0), 01 0™ 0®)} for a global minimizer.

e Given 0, 00 and L£(0M).
o Iterate for k=1,---,b



Applications of Interval Methods to Phylogenetics 383

1(0)

' (0)

I I I I I I I I I 0
0(0) 3(0)
o) o(2) o3) o4) o(5) o(6) o(7) o(8)

Fig. 20.5. Monotonicity test

—Ifoe v[,(@(i) )k, then leave @,(f) unchanged, as it may contain a stationary
point of [.

— Otherwise, 0 ¢ 7£(0®),. This implies that O can be pruned, since
I* ¢ O except possibly at the boundary points, as follows:

(i) if min (v£(©OD);) > 0 and 8" =9V then 0 = 9 91",
(ii) Else if max(7£(0®);) < 0 and 5,&0) = 5,(;), then @,(f) = g,ii),g,ii)]

(iii) Else, delete the i-th element of £ and stop the iteration.

20.3.1.8 Concavity test

Given 00 € 0 and the diagonal elements (72L(0W) )k of 72L(O1),
note that if min ((72£(0™) )i ) < 0 for some k, then 72£(0") cannot be
positive semidefinite, and therefore [(#) cannot be convex over ©(®) and thus
cannot contain a minimum in its interior. In the one-dimensional example
shown in Figure 20.5, an application of the concavity test to the candidate
set { Q(O), CIONCIC) } for a global minimizer returned by the monotonicity test,
would result in the deletion of ©) due to the concavity of I(#) over it.

e Given 0 € 0 and 2£(00)
e If min ((V2£(0™))x) < 0 for any k € {1,---,b}, then delete the i-th
element of £.

20.3.1.4 Interval Newton test

Given 0 € 0 and 7£(0W), attempt to solve the system, 7£(#) = 0, in
terms of 6 € O,
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e Apply one extended interval Newton Gauss-Seidel step to the linear interval
equation a = G - (¢ — 6), where a := p- L(m(OW)), G = p- F2L(OW),
c:=m(0W), and p := (m(Y?F(X)))~}, in order to obtain Njs(0®).

e One of the following can happen,

(i) If NLg(0) is empty, then discard ©0).
(ii) If(/}f(’;s(@(i)) € O, then replace ©0) by the contraction N (0))N
oW,
(iii) If 0 € Gjj, and the extended interval division splits @gi) into a non-

),2

empty union of @gi)’l and @gi , then the iteration is continued on

@gi)’l, while @gi)’z, if non-empty, is stored in £ for future processing.
Thus, one extended interval Newton Gauss-Seidel step can add at
most b + 1 sub-boxes to £.

20.3.2 Verification

Given a collection of sub-boxes, {©M ... O 1 each of width < e, that
could not be discarded by the tests in Section 20.3.1, one can attempt to verify
the existence and uniqueness of a local minimizer within each sub-box () by
checking whether the conditions of the following two theorems are satisfied.
For proof of these two theorems see [Hansen, 1992] and [Ratz, 1992].

(i) If NLg(0W) € 1, then there exists a unique stationary point of £,
i.e. a unique zero of V£ exists in O,

(i) If (I+L-(2£(09))) - Z € Z, where (V2L(0W))g00 < k € R, for
some Z € IR", then the spectral radius p(s) < 1 for all s € (I —
L. (V2£(0"))) and all symmetric matrices in 72£(©®) are positive
definite.

If the conditions of the above two theorems are satisfied by some ©(®) then a
unique stationary point exists in ©*) and this stationary point is a local min-
imizer. Therefore, if exactly one candidate sub-box for minimizer(s) remained
after pruning the search box ©(©) with the tests in Section 20.3.1, and if this
sub-box satisfies the above two conditions for the existence of a unique local
minimizer within it, then one has rigorously enclosed the global minimizer in
the search interval. On the other hand, if there are two or more sub-boxes
in our candidate list for minimizer(s) that satisfy the above two conditions,
then one may conclude that each sub-box contains a candidate for a global
minimizer which may not necessarily be unique (disconnected sub-boxes, for
example). Observe that failure to verify the uniqueness of a local minimizer in
a sub-box can occur if it contains two or more points or even a continuum of
points that are stationary.
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20.3.3 Algorithm
Initialization:

Step 1 Let the search region be a single box ©(©) or a collection of not nec-
essarily connected, but pair-wise disjoint boxes, O, i € {1,---,r}.

Step 2 Initialize the list £ which may just contain one element ( ©(9), Loo) )
or several elements

{00, L), (6P, Lo ), -+, (6, Lo ) }

Step 3 Let € be a specified tolerance.
Step 4 Let maxe be the maximal length allowed for lis:c L.
Step 5 Set the noninformative lower bound for [*, i.e. [ = o0

Iteration:
Stepl Perform the following operations:
Step 1.1 Improve | = min{l, max(£(m(0W)))},
j = argmin{Lg }-
Step 1.2 Perf(;rm the midpoint cut-off test to L.
Step 1.3 Set L* = [£®(j),l].

Step 2 Bisect ©U) along its longest side k, i.e. d(@,(f)) = doo (1)), to
obtain sub-boxes ©U4), ¢ € {1,2}.

Step 3 For each sub-box ©U4), evaluate ( L(OU4)), 7£(0U), 2L (0OU))),
and do the following;:

Step 3.1 Perform monotonicity test to possibly discard ©Ud).
Step 3.2 Centered form cut-off test:
Improve the range enclosure of E(@(jq)) by replacing it with
its centered form L.(0Ua)) :=

{E(m(@(jq))) + vﬁ(@(iq)) . (@(jq) _ m(@(jq)))} N E(@(jq))’

and then discarding ©Ua) | if [ < Lo -
Step 3.3 Perform concavity test to possibly discard ©Ua).
Step 3.4 Apply an extended interval Newton Gauss-Seidel step to
©Ua) in order to either entirely discard it or shrink it into v
sub-sub-boxes, where v is at most 2s — 2.
Step 3.5 For each one of these sub-sub-boxes ©OUaw) 4 € {1, v}
Step 3.5.1 Perform monotonicity test to possibly discard
@(jq,u)'

Step 3.5.2 Try to discard ©Usv) by applying the centered
form cut-off test in Step 3.2 to it.

Step 3.5.3 Append (©Uaw) £ ) to £ if OUaw) could

_@(jq,u)
not be discarded by steps Step 3.5.1 and Step 3.5.2.
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Table 20.1. Chimpanzee (1), Gorilla (2), and Orangutan (3).

0 and Tree 0% D 6" —L(0*) D> —1(0")

[1.0 x 10711,10.0]%3  5.98162213842 x 102
7 = (1,2,3) 5.41674167942 x 102
1.32990896859 x 10~1  —2.1503180658562 x 103

e Termination:

Step 1 Terminate iteration if dye;00(©Y)) < €, Or dperoo(L*) < € or £ is
empty, or Length(£) > maxg.

Step 2 Verify uniqueness of minimizer(s) in the final list £ by applying
algorithm of Section 20.3.2 to each of its elements.

20.4 Applications to phylogenetics

The global maximum of the log likelihood function for the JC69 model of DNA
evolution on the three taxa unrooted tree with data from the mitochondria of
Chimpanzee, Gorilla, and Orangutan [Brown et al., 1982] is enclosed. There
is only one unrooted multifurcating topology for three species with all three
branches emanating from the root like a star. The data set for this problem is
summarized in [Sainudiin, 2004] by 29 data patterns. The sufficient statistics
for this data is (7,100, 42,46, 700). The parameter space is three dimensional
corresponding to the three branch lengths of the 3-leaved star tree 7. The
algorithm is given a large search box (%), The results are summarized in Table
20.1. The notation 2% means the interval [za, zb] (e.g. 5.98162213843 x 1072 =
[5.98162213840 x 10_2,5.98162213842 X 10_2]). Figure 20.6 shows the the
parameter space being rigorously pruned as the algorithm progresses. When
there are four taxa, the phylogeny estimation problem is more challenging as
there are four distinct topologies to consider in addition to the branch lengths.
A similar method was used to solve the most likely phylogeny of four primates
with data from their mitochondria [Sainudiin, 2004].

The running time of the global optimization algorithm depends on where
the MLEs lie in the parameter space. For trees with smaller branch lengths,
the running time is faster while larger trees have a much longer running time.
The Table 20.2 shows the mean and 95% confidence intervals of the number
of calls to the likelihood function £ and the CPU time in seconds for each of
four trees with different weights. The results summarized in Table 20.2 are
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Fig. 20.6. Progress of the algorithm as it prunes [0.001,10.0]%3

Table 20.2. Computational efficiency for four different 3 tazxa trees.

True Tree Calls to L(O*) CPU time
(1:0.01,2:0.07,3:0.07) 1272 [1032, 1663] 0.55 [0.45,0.72]
(1:0.02,2:0.19,3:0.19) 3948 [2667, 6886] 1.75 [1.17, 3.05]
(1:0.03,2:0.42,3:0.42) 20789 [12749, 35220] 9.68 [5.94, 16. 34]
(1:0.06,2:0.84,3:0.84) 245464 [111901,376450] 144.62 [64.07, 232 94|

from 100 data sets, each of sequence length 1000, simulated under JC69 model
upon each one of the four trees shown in the first column.

The MLEs obtained by means of interval methods are equivalent to numer-
ical proofs for the MLEs. The method is robust in the presence of multiple
local maxima or nonidentifiable manifolds with the same ML value. For ex-
ample, when a time reversible Markov chain, such as JC69, is super-imposed
on a rooted tree, only the sum of the branch lengths emanating from the
root is identifiable. Identifiability is a prerequisite for statistical consistency
of estimators. To demonstrate the ability of interval methods to enclose the
nonidentifiable ridge along 61 + 05 in the simplest case of a two-leaved tree, a
nonidentifiable negative log likelihood function (6, #2) is formulated with its
global minimizers along 61 + 62 = 2 log (45/17) = 0.730087 under a fictitious
dataset for which 280 out of 600 sites are polymorphic. Figure 20.7 shows the
contours of [(07, f2) in gray scale and the solutions of the interval method (gray
and black rectangles) and those of 10 Quasi-Newton searches with random ini-
tializations (10 pairs of colored ovals). Observe that the basin of attraction for
each point on 61 4+ 60y = 0.730087 under a Quasi-Newton local search algorithm
is the line running orthogonal to it.

Interval methods can be slow on currently available processors that are op-
timized for floating-point arithmetic, especially when applied naively. If one
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Fig. 20.7. The nonidentifiable subspace of minimizers 61 + 6 = 3 log(45/17) of
1(01,02) under the JC69 model evolving on a rooted two-leaved tree is enclosed by
a union of up to 30,000 rectangles. The larger gray, and smaller black rectangles have
tolerances of € = 1.0 x 107 and € = 1.0 x 107°, respectively. The 10 pairs of colored
ovals are the initial and final points of 10 local Quasi-Newton searches with random
initializations.

were to pre-enclose the likelihood function over a fine mesh and use hash tables
to access them, then computational efficiency can be gained. Interval meth-
ods can work efficiently when algebraic techniques are first used to reduce the
data into sufficient statistics (see details in Chapter 18). Interval methods
are particularly suited to methods that solve a large dimensional problem by
solving a set of lower dimensional problems. For instance, one can apply the
rigorously enclosed MLEs to the generalized neighbor-joining (GNJ) method
discussed in Chapter 2. We call this the rigorous neighbor-joining method. Us-
ing fastDNAml which implements a gradient flow algorithm with floating-point
arithmetic, [Levy et al., 2004] computed dissimilarity maps that are needed for
the GNJ method. The rigorous NJ method uses, instead, the rigorously en-
closed MLEs. We apply this method to find the NJ tree for 21 SRK sequences
[Sainudiin et al., 2005] from the self/nonself discriminating self-incompatibility
system of the mustard family [Nasrallah, 2002]. We sampled 10, 000 trees from
a Markov chain with stationary distribution proportional to the likelihood
function by means of a Markov chain Monte Carlo (MCMC) algorithm imple-
mented in PHYBAYES [Aris-Brosou, 2003]. We compared the tree topology of
each tree generated by this MCMC method with the tree topology of the re-
constructed trees via the rigorous NJ method, fastDNAm1, DNAm1 from PHYLIP
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A Rigorous NJ  fastDNAm! DNAml(A) DNAml(B) TrExML

0 0 0 2 3608 0
2 0 0 1 471 0
4 171 6 3619 5614 0
6 5687 ) 463 294 )
8 4134 3987 5636 13 71
10 8 5720 269 0 3634
12 0 272 10 0 652
14 0 10 0 0 5631
16 0 0 0 0 7

Table 20.3. Symmetric difference (A) between 10,000 trees sampled from the
likelihood function via MCMC and the trees reconstructed by 5 methods.

package [Felsenstein, 2004], and TrExML [Wolf et al., 2000] under their respec-
tive default settings with the JC model. We use treedist [Felsenstein, 2004]
to compare two tree topologies. If the symmetric difference A between two
topologies is 0, then the two topologies are identical. Larger A’s are reflective
of a larger distance between the two compared topologies. Table 20.3 summa-
rizes the distance between a reconstructed tree and the MCMC samples from
the normalized likelihood function. For example, the first two elements in the
third row of Table 20.3 mean that 171 out of the 10, 000 MCMC sampled trees
are at a symmetric difference of 4 (A = 4) from the tree reconstructed via the
rigorous NJ method. DNAml was used in two ways. DNAmI(A) is a basic
search with no global rearrangements. DNAml(B) applies a broader search
with global rearrangements and 100 jumbled inputs. The fruits of the broader
search are reflected by the piling of MCMC sampled trees over small A values
from the DNAmI(B) tree. Although the rigorous NJ tree is identical to the
Saito and Nei NJ tree (with pairwise distance) as well as the fastdnaml-based
NJ tree with 3 leaves for this dataset, we have the guarantee from the rigorous
NJ method that the global optimum for each triplet was enclosed.



21

Analysis of Point Mutations in Vertebrate Genomes
Jameel Al-Aidroos
Sagi Snir

Using biological sequence from homologs in eight vertebrates of the human
ENCODE regions, we present a concrete example of the estimation of muta-
tion rates in the models of evolution introduced in Chapter 4. We detail the
process of data selection from within a multiple alignment of the vertebrates,
and compare rate estimates for each of the models in the Felsenstein Hierar-
chy of figure 4.6. In the course of the example we also address a standing
problem in vertebrate evolution, namely the resolution of the phylogeny of the
Eutherian orders, and discuss some of the challenges of molecular sequence
analysis in inferring the phylogeny of this subclass. In particular, we consider
the question of the position of the rodents relative to the primates, carnivora
and artiodactyla; a question we affectionately dub the rodent problem.

21.1 Estimating mutation rates

Given an alignment of sequence homologs from various taxa, and a choice of
evolutionary model from among the models in Figure 4.6, we are naturally led
to ask the question,“What tree (with what branch lengths) and what values
of the parameters in the rate matrix for that model are suggested by the
alignment?” One answer to this question, the so-called maximum-likelihood
solution, is, “The tree and rate parameters which maximize the probability
that the given alignment would be generated by the given model.”

There are a number of available software packages which find, to varying de-
grees, this maximum-likelihood solution. For example, for a few of the most re-
strictive models in the Felsenstein hierarchy, the package PHYLIP [Felsenstein, 2004]
will very efficiently search the tree space for the maximum-likelihood tree, and
rate parameters. The commercially available software PAUP* [Swofford, 1998]
effectively searches the tree space, and implements a wider range of models
than PHYLIP. Another package, PAML [Yang, 1997], though it does not reliably
search the tree space, is flexible enough, given a particular tree topology, to

390
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find the maximum-likelihood branch lengths and rate parameters for any of
the models described in Chapter 4.

An evolutionary for a set of taxa consists of a tree-topology 7', with an
assignment of the taxa to the leaves of T', a branch length, t., for each edge
e € E(T), and rate matrix (). The entries of @) depend on a certain number
of rate parameters «, 3, ..., and often on the base frequencies my, ¢, mg, 7T,
as described, for example, in Figure 4.6. These entries are a measure of the
instantaneous rates of mutation among nucleotides. For a particular edge
e € E(T), the probability of transition from nucleotide ¢ to j along e, is the
entry [P];j, of the transition matrix P, = e@te. The probability of generating
a particular alignment of sequences from a specific tree and fixed parameters
is given by the likelihood function

I ) I oreviias

and label j at [

{A,C,G,T}-labeling all labelings e = (k,l)
of leaves of T by by {A,C,G,T} e€ E(T)
an alignment of internal
column C vertices

Thus, for a given tree topology, the maximum-likelihood solution consists
of the values of the branch lengths, the base frequencies and the other rate
parameters that maximize the likelihood function.

Figure 21.1 contains sample inputs for PAML, and its output of the maximum-
likelihood solution for the HKY85 model. Notice that PAML returns one rate
parameter (in the third last line of output in Figure 21.1), k, whereas the
HKYS85 model in Figure 4.6 appears to have two, @ and . The product
Qte in the likelihood function, forces the branch lengths and rate matrix to be
determined only up to scaling. Thus, for example, in the HKY model of Figure
4.6 we could multiply all the branch-lengths by 3, divide the rate matrix by
B, and take K = «a/f to overcome the missing parameter. Notice also that
whereas the nucleotides are ordered alphabetically in Chapter 4, PAML orders
them T-C-A-G when it reports base frequencies or in columns and rows of rate
matrices. The output from Figure 21.1, and the form of the HKY85 model
from Figure 4.6 allow us to write the rate matrix

. We Kmg T : 0.28929 1.63618 0.22577
- [ A g mJ | 0.20244 : 0.28250 1.30761—|
@= Vn T - 7T J - { 1.75746  0.28929 : 0.22577J
Ty KTe Tg 0.20244 1.67551 0.28250

PAML represents trees in the newick format. This is a recursive definition
of rooted trees in which vertices (i.e species, extant or extinct) grouped in a
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INPUT: the sequence file “seq.txt”

8 78306

chimp GGGGAAGGGGAACCGGGGCCGGGGCCGGAACCGGAAGGGGGGTTTT. . .
chicken GGGGGGGGGGGGAAGGGGCCGGGGCCGGAACCGGGGAAGGGGTTTT. ..
human GGGGAAGGGGAACCGGGGCCGGGGCCGGAACCGGAAGGGGGGTTTT. . .
galago GGGGAAGGGGGGTTGGGGCCGGGGCCGGAACCGGAAGGGGGGTTTT. . .

cow GGGGAAGGGGAAAAGGGGCCGGGGCCGGAATTGGAAGGGGGGTTTT. . .
dog GGGGAAGGGGAACCGGGGCCGGGGCCGGAACCGGAAGGGGGGTTTT. . .
rat GGGGGGGGGGAAAAGGGGTTGGGGAAGGAACCGGAAGGGGGGTTTT. . .

mouse GGGGGGGGGGAAAAGGGGAAAAGGGGGGAACCGGAAGGGGGGTTTT. . .

INPUT: the tree structure file “tree.txt”

((((human, chimp) ,galago) , (mouse,rat)), (cow,dog) ,chicken) ;

INPUT: the PAML control file “baseml.ctl”

runmode =
Small Diff =

0
0
=1 step value for derivative estimates
method = 0
=0
0
2

0: simult.; 1: one branch at a time
0:no clock, 1:clock; 2:1local clock...
0: estimate kappa; 1: fix kappa
initial or fixed kappa

clock
fix kappa =
kappa =

model = 4 * 0:JC69, 1:K80, 2:F81, ...
nhomo =1 * 0 or 1: homogeneous, 2:...
treefile = tree.txt * tree structure file name
seqfile = seq.txt * sequence data file name
cleandata = 0 * remove ambiguous data (1:y,0:n)
outfile = out.txt * main result file
noisy =3 * 0,1,2,3: how much junk on screen
verbose =1 * 1: detailed output, O: concise output
getSE = * 0: omit; 1: get S.E.s of estimates
* 0: user tree; 1 or 2: find tree...
*
*
*
*
*

OUTPUT: excerpt from the PAML output file “out.txt”

parentheses, share a common ancestor. If two vertices are grouped in the same
set of parentheses, they are sister vertices. For example the tree ((1,2),3) is a
rooted triplet over the species {1, 2,3} with 1 and 2 are sister taxa and their
most recent common ancestor (represented by the vertex (1,2)) is a sister of 3.
This format is extended to weighted trees by attaching a number to the right
of a vertex. This number is the length of the edge entering that vertex.

Note that in the example in Figure21.1, that the input tree is unweighted,

InL(ntime: 14 np: 18):-396419.669383 +0.000000

(((((human: 0.004484, chimp: 0.005159): 0.068015, galago:
0.102113): 0.014305, (mouse: 0.068227, rat: 0.062353): 0.182379):
0.011786, (cow: 0.114727, dog: 0.095417): 0.018334): 0.014105,
chicken:0.555154) ;

Detailed output identifying parameters kappa under HKY85: 5.79179
base frequency parameters
0.22577 0.28929 0.20244 0.28250

Fig. 21.1. PAML input and output for rate estimation in the HKY85 model.
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Model  model = nhomo =

JC69
K80
F81
F84
HKYS85
T92
TNO93
REV
CS05 9 [1 (AC AT CG GT)]

SYM 10 [5 (AC CA) (AG GA) (AT TA) (CG GC) (CT TC)]
K3ST 10 [2 (AC CA GT TG) (AG GA CT TC)]

~No o WN - O
OO0OrRrPr PP EPLEPLRPEPLOO

Fig. 21.2. Implementing the models of the Felsenstein Hierarchy in PAML.

while the tree returned by PAML contains the edge lengths. The probability of
obtaining the input alignment with the calculated parameters and lengths is
given in the output from PAML as a log-likelihood in the first line of the excerpt.

The next two sections of this paper discuss the ENCODE project, from
which the sequence for this study is taken, information about a refinement of
the alignment which isolates only synonymous substitution sites, and the re-
sults of the implementation of each of the models of the Felsenstein hierarchy in
PAML. Figure 21.2 describes how to implement each of the models of the Felsen-
stein hierarchy in PAML by making small adjustments in the baseml.ctl file to
the options model and nhomo (which controls whether the base frequencies are
uniform or parameters). These examples demonstrate only some of the versa-
tility of that software in dealing with more sophisticated models. Section 21.4
introduces the main problem addressed, namely the position of the rodents in
the phylogeny of the mammals considered in this chapter.

21.2 The ENCODE data

Our analysis of mutation rates is based on alignments of the human genome
from regions identified by the ENCODE Pilot Project which was described
briefly in section 4.3. The Berkeley ENCODE Group, using Mercator [Dewey, 2005]
and Stanford’s Shuffle-Lagan[Brudno et al., 2003], has mapped these regions to
homologous regions from other vertebrates, and multiply-aligned the homologs
with MAVID|[Bray and Pachter, 2004]. We have used in this study the align-
ments of the Stanford re-ordering of the October 2004 freezes of the homologous
regions, which are available at bio.math.berkeley.edu/encode/.
ENCODE’s pilot project [Consortium, 2004] identifies 44 regions in the hu-
man genome for extensive study. The first 14 of these are manually selected
regions, ENmO001 to ENm014, chosen to include well-understood functional re-
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Manual ENCODE Regions

Bin Importance or Expected function

[ENmO001] CFTR - Cystic Fibrosis

ENmO002  Interleukin Cluster - immune system regulation

ENmO003 Apo Cluster - liver and intestinal function

ENmO004  region from Chromosome 22

ENmO005  region from Chromosome 21

ENmO006  region from Chromosome X

[ENmO007] region from Chromosome 19

ENmO008  a-globin - implicated in a-thalassemia (anemia)

ENmO009 (B-globin - implicated in Sickle Cell Anemia

ENm010  HOXA Cluster embryonic development: body axis and limb patterning
[ENmO011] IGF2/H19 - insulin growth factor: growth and early development
ENmO012  FOXP2 - language and speech development

ENmO013  region from Chromosome 7 - selected to balance stratification
ENmO014  region from Chromosome 7 - selected to balance stratification

Random ENCODE Regions

density of density of

conserved genic bases

non-exonic low medium high

bases (0-50%-ile) (60-80%-ile) (80-100%-ile)
low ENr1i1, [ENr112] ENr121, ENr122 ENr131, ENr132
(0-50%-ile) ENr113, ENr114 ENri23 ENr133

medium ENr211, ENr212 ENr221, ENr222 ENr231, ENr232
(50-80%-ile) [ENr213] ENr223 ENr233

high ENr311, [ENr312] ENr321, ENr322 ENr331, ENr332

(80-100%-ile)

ENr313

ENr323, ENr324

ENr333,[ENr334]

Fig. 21.3. Summary of the manual and random ENCODE regions. [..] denotes a
region that was not considered in this study because a homolog was missing for at
least one of the seven other vertebrates at the time the data was generated.

gions of the genome. For example, ENmO001 contains the gene CFTR, associ-
ated with cystic fibrosis, which has been studied extensively since its discovery
in 1989. The remaining 30 regions, the so-called “random” regions, were cho-
sen pseudo-randomly to represent varying degrees of non-exonic conservation
with respect to orthologous sequence from the mouse genome, and varying de-
grees of gene density. Figure 21.3 describes the manual and random ENCODE
regions.

A primary goal of the Berkeley ENCODE Group is to generate mappings
from the human genome in the ENCODE regions to homologous regions in
assemblies of sequence from other vertebrates, and to align the homologs. Such
alignments have been generated for each ENCODE region, although the set of
taxa in which homologs have been identified varies from region to region. In
this study, we restricted our attention to the eight vertebrates human (Homo
sapiens), galago monkey (Otolemur garnettii), chimp (Pan troglodytes), rat
(Rattus norvegicus), mouse (Mus musculus), dog (Canis familiaris), cow (Bos
taurus) and chicken (Gallus gallus), and considered only the 37 ENCODE
regions which, at the time we generated data, had alignments of homologs for
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all eight taxa. In Figure 21.3, the regions that appear in square braces are those
for which the homolog was missing for at least one of our eight vertebrates,
and which were not considered.

21.3 Synonymous substitutions

Starting with the MAVID alignment of the homologs of the human ENCODE
regions, we refined the alignment by isolating only those columns corresponding
to synonymous substitution sites in exons. In this section we define synony-
mous substitution, and describe the process for identifying these columns of
the alignment.

Recall from Table 4.1 in Chapter 4 that every amino acid is coded by a
sequence of three nucleotides, called a codon. As there are four (types of)
nucleotides, this scheme allows for 4> = 64 different codons. However, since
there are only twenty amino acids, the above implies that some amino acids are
encoded by a few different codons, giving some redundancy to the amino acid
coding scheme. Nucleotide mutations in the gene (which necessarily change
the codons in the gene) are divided into three types, depending on what amino
acid is encoded by the new codon:

(i) synonymous mutations: mutations that, although they alter a particular
codon, they do not alter the encoded amino acid.
(ii) missense mutations: mutations that alter the codon so as to produce
an different amino acid.
(iii) nonsense mutations: mutations that change a codon that encodes an
amino acid into one of the STOP codons (TAA, TAG, or TGA).

Because synonymous mutations do not alter the amino acid, they do not alter
the protein. Such mutations produce no functional changes, and are thus con-
sidered to be free from selective pressure. By removing the selective pressure,
we restrict our attention to those sites whose mutation is more likely to be-
have according to a random Markov process. Furthermore, by isolating these
synonymous substitution sites, we impose a level of homogeneity on the data.
For example, although PAML implements models that allow for the rate matrix
to vary among sites, we believe that by selecting the neutral mutation sites,
we substantially reduce the need for this introduction of extra parameters into
the models.

The procedure for refinement of the data consisted of mapping annota-
tions of human genes to the alignment, and identifying triples of columns
containing synonymous codons. For each of the 37 ENCODE regions, we
identified the manually verified (refSeq) annotations of genes in that re-
gion by consulting the refGene table in the UCSC annotation database
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a.a. GlnMetGlnGlnLeuGlnGlnGlnGlnHisLeuLeu...LeuGln...GlnGlyLeulle

human CAGATGCAACAACTCCAGCAGCAGCAGCATCTGCTCAGCCTTCAGCGTCAGGGACTCATC
galago CAGATGCAACAACTCCAGCAGCAGCAGCATCTGCTCAGCCTTCAGCGTCAGGGACTCATC
mouse CAAATGCAGCAGCTACAGCAGCAACAACATCTGCTCAGCCTTCAGCGCCAGGGCCTCATC
rat CAGATGCAGCAACTACAGCAGCAGCAGCATCTGCTCAGCCTTCAGTGTCAGGGCCTCATC
cow CAGATGCAACAACTCCAGCAGCAGCAGCATCTGCTCAGCCTTCAGCGTCAGGGACTCATC
chicken CAGATGCAACAACTTCAGCAGCAGCAACATCTGCTGAACCTTCAGCGTCAGGGACTCATT
chimp CAGATGCAACAACTCCAGCAGCAGCAGCATCTGCTCAGCCTTCAGCGTCAGGGACTCATC
dog CAGATGCAACAACTCCAGCAGCAGCAGCATCTGCTCAGCCTTCAGCGTCAGGGACTCATC

oKL, koouk, Lk, ok, ok Uk ok, ok kX k., Lk kLK, Lk, Uk
123123123123123123123123123123123123123123123123123123123123

Fig. 21.4. Excerpt of alignment from FOXP2 (RefSeq annot. NM_148900) in ENm012.
The top row indicates the amino acid translation of the codon (where all there is
agreement among all the taxa). The stars denote columns corresponding to the third
positions in codons all coding for the same amino acid. The bottom row indicates the
frame dictated by the human gene annotation, where 1 denotes the first position in a
codon.

(hgdownload.cse.ucsc.edu/downloads.html). For each gene in the region,
we mapped the annotation of its coding region to the MAVID alignment, and
extracted the relevant columns. Below each codon triple in the human se-
quence, we identified the amino acids encoded by the triple in each of the
homologs. We automatically discarded all triples which contained gaps in any
of the homologs, and extracted the third column from each triple in which
each homolog’s codon encoded the amino acid in the human sequence. We
note here that because of gaps in the alignment and because we use only the
frame of the human annotation to identify coding triples, it is possible that
some sites chosen correspond to a second or third position in a codon of one
of the other vertebrates. The high degree of conservation in the aligned ex-
ons, and the stringent requirement of agreement in the preceding two columns,
however, meant that extracted columns were very unlikely to suffer from this
fault; a visual inspection of the alignments revealed that extracted columns
very reliably consisted of third positions. An excerpt of the alignment from
the speech and language development gene, FOXP2, is given in Figure 21.4.

With the refined sequence data in hand we used PAML to find the maximum-
likelihood solutions for the rate parameters, base frequencies and branch
lengths. However, as was indicated in the introductory chapter, PAML does
not reliably search the tree space, so we restricted ourselves to only the two
trees in Figure 21.7, namely the tree tree (that is, the actual tree representing
the evolutionary history of those species), and the maximum likelihood tree
(The tree attaining the biggest likelihood under all models studied). The rate
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Fig. 21.5. The Felsenstein Hierarchy for the ML Tree.
Fig. 21.6. The Felsenstein Hierarchy for the True Tree.

matrices and log-likelihoods for each model are displayed in Figures 21.5 and
21.6.

21.4 The rodent problem

Rodents have the special characteristic that although their molecular informa-
tion closely resembles that of the primates, they exhibit very different mor-
phological features. This discrepancy has attracted a lot of attention and has
formed the basis of much research.

In this section we point out the phenomenon that current tree reconstruc-
tion methods misplace the two rodents mouse and rat on the tree, with
respect to other mammals. The real phylogenetic tree describing the evo-
lution of the taxa in this study is agreed among most of the evolution-
ary biologists nowadays. It is supported by either fossil records or molecu-
lar data ([Madsen et al., 2001, Murphy et al., 2001, Phillips and Penny, 2003,
Lin et al., 2002, Schmitz and Zischler, 2003] to mention a few). In that tree
(see Figure 21.7 up), we have the primate clade, composed of the siblings
human and chimpanzee and then the galago as an outgroup to these two.
The rodents clade mouse and rat, is a sister group to the primates and an
artiodactyls-carnivores clade is an outgroup to the former species. By using
the chicken as an outgroup to all these, we get a rooting of the tree. How-
ever, the currently available phylogenetic reconstruction methods, regardless
of the evolutionary model, misplace the rodents and put them as an outgroup
to the primates and artiodactyls-carnivores (see Figure 21.7 down). A partial
explanation to this phenomenon is given by the fact that rodents have shorter
generation time. This causes the rate of synonymous substitutions in the ro-
dents to be 2.0 times faster than in human and the rate of non-synonymous
substitutions to be 1.3 times faster [Wu and Li, 1985].

This question of rodents divergence time (and the relative location of
this event on the phylogeny) has a long history and is still gaining a
lot of popularity with the increasing availability of complete mammalian
genomes (e.g. [International Human Genome Sequencing Consortium, 2001,
Waterston et al., 2002, Hillier et al., 2004, Gibbs et al., 2004]). Recent works
( [Adkins et al., 2001, Thomas et al., 2003]) have also addressed the question
that few methods fail to estimate correctly this event. [Adkins et al., 2001]
addressed the question of monophyly of the rodents order and noticed that
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Model True Tree ML Tree
Tx 1011 Tx 101 1
1o« 1 1 1o« 1 1
0 JC69 11 % 1 11 % 1
111« 1011«
InL, —-420359.749970 InL =-419661.571184
K = 5.59362 K — 5.60258
T % 559362 1 1 T % 560258 1 1
L K80 559362 1 1 5.60258 1 1
1 1 «  5.59362 1 1 «  5.60258
1 1 559362 1 1 5.60258
InL=-398246.156240 InL=-397790.545395
77 = 0.23195 7 = 0.23193
To = 0.28483 To = 0.28485
a4 =0.21225 a4 = 0.21268
ra = 0.27097 T = 0.27054
2 F81 «  0.28483 0.21225 0.27097 «  0.28485 0.21268 0.27054
023195  *  0.21225 0.27097 023193 =  0.21268 0.27054
0.23195 0.28483 %  0.27097 0.23193 0.28485  *  0.27054
0.23195 0.28483 0.21225 0.23193 0.28485 0.21268
InL = -419290.724659 InL = -418618.222983
K — 2.39698 1 = 2.40280
7 = 0.22193 77 = 0.22185
Te = 0.28389 ro = 0.28406
74 = 0.20583 74 = 0.20598
- o = 0.28834 T = 0.28811
«  1.62919 0.20583 0.28834 «  1.63320 0.20598 0.28811
127361 % 0.20583 0.28834 127552 % 0.20598 0.28811
0.22193 0.28389 %  1.68694 0.22185 0.28406 %  1.68922
0.22193 0.28380 1.20421 =« 0.22185 0.28406 1.20769
InL, —396478.578635 InL, —-396045.066120
K = 5.79179 % — 5.80371
T = 0.22577 T = 0.22563
Te = 0.28929 To = 0.28937
A = 0.20244 A = 0.20264
Te = 0.28250 T = 0.28235
4 HKY85 «  1.67551 0.20244 0.28250 «  1.67942 0.20264 0.28235
1.30761  *  0.20244 0.28250 1.30949 % 0.20264 0.28235
0.22577 0.28929 %  1.63618 0.22563 0.28937 %  1.63368

0.22577 0.28929 1.17249
InLL = -396419.669383

*

0.22563 0.28937 1.17606
InLL = -395987.273186

*

some of the genes investigated, returned a false tree.

[Thomas et al., 2003]

investigated conserved regions among vertebrates and noticed by analysis of

transposable elements that the true tree is supported. However, none of these

works raised the question of why all existing evolutionary models fail to recon-

struct the true tree, and specifically, misplace the order of rodents.
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K= —
T = TC =
TC = TA =
A=
_ TG =
5 T92 TG = x To TaA TaQ
* T TTA TG
T * TA TQ T * A TG
T TC * Yiyel T e * TG
T o TA *
T TCo TA * Inl, —
InLL =
K1 = 6.29360 K1 = 6.29927
Ko = 5.28772 Ko = 5.30517
mr = 0.21984 mr = 0.21979
o = 0.28271 mc = 0.28288
w4 = 0.20870 w4 = 0.20884
6 TN93 g = 0.28874 mg = 0.28849
i * 1.77926 0.20870 0.28874 i * 1.78194 0.20884 0.28849
1.38359 * 0.20870 0.28874 1.38452 * 0.20884 0.28849
0.21984 0.28271 * 1.52678 0.21979 0.28288 * 1.53049
| 0.21984 0.28271 1.10355 * | 0.21979 0.28288 1.10793 *
InL. =-396308.224349 InL. =-395879.760438
* 0.928553 0.153082 0.114229 '| * 0.928911 0.155345 0.11.
0.719295 * 0.138117 0.117185 0.718400 * 0.137595 0.11
7 REV 0.167314 0.194874 * 0.822751 0.169773 0.194438 * 0.82
| 0.084580 0.112011 0.557377 * | 0.083624 0.111230 0.558110 5
InLL =-395649.076601 InL. = -395194.825177
[ —1.126077 0.873315  0.105515  0.147247 7 [ —1.126393 0.873994  0.105458
0.681559  —0.934321 0.105515  0.147247 0.681474  —0.933873  0.105458
9 CS05 0.117676  0.150784 —1.121289  0.852828 0.117421 0.150592 —1.120814
| 0.117676  0.150784  0.611124 —0.879585 | | 0.117421 0.150592  0.612049
InL. =-396419.669383 InLL = -395987.273185
[ —1.066465 0.809931 0.159339  0.097194 7 [ —1.067056  0.809476  0.161438
0.809931 —1.087021 0.158949  0.118141 0.809476 —1.085413 0.158448
10 SYM 0.159339  0.158949 —0.974734  0.656446 0.161438  0.158448 —0.976893
| 0.097194  0.118141 0.656446  —0.871780 | L 0.096143  0.117489  0.657007
InLL =-397702.025844 InLL = -397237.324766
[ —1.000000 0.736581 0.135559  0.127860 [ —1.000000 0.736880  0.135950
0.736581  —1.000000 0.127860  0.135559 0.736880 —1.000000 0.127170
11 K3ST 0.135559  0.127860 —1.000000  0.736581 0.135950  0.127170 —1.000000
L 0.127860  0.135559  0.736581 —1.000000 | L 0.127170  0.135950  0.736880
InLL =-395649.076601 InLL = -398241.937632

A common feature of many of the most popular models used to reconstruct
the evolutionary tree is the assumption of a constant rate matrix along all
branches. This leaves the time as the only free parameter between the dif-

ferent branches of the tree.

As a consequence, it causes distortion in the
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1 1 ] |

Human  Chimp  Galago  Mouse Rat Dog Cow  Chicken

=1 1 [ ] |

Human  Chimp  Galago Dog Cow  Mouse Rat  Chicken

Fig. 21.7. The trees evaluated in the study: above - the actual tree representing the
evolution of our eight vertebrates; below - the tree obtaining the highest likelihood in
all models

tree topology that is reflected by placement of the rodents speciation event,
higher in the tree closer to the root (see Figure 21.7 down). This behavior
is shared among all models. However, it is not totally clear to us why the
accelerated rate of evolution should change the topology of the tree, instead
of stretching the rodents branch but leaving it in its place. An explanation
that is sprung immediately is the phenomenon of long branch attraction (LBA)
[Felsenstein, 1978, Hendy and Penny, 1989]. (LBA) is the phenomenon where
two fast evolving taxa are grouped together although they belong to different
clades. This is caused mainly when a distant species is used as an outgroup for
tree rooting, or when the number of taxa is relatively small. We assert that the
rodent problem can not be explained simply by the argument of LBA for three
main reasons: (a) The outgroup used in our study, the chicken, is not that a far
species, (b) The number of sites in the input data (over 78,000) is relatively big
considering the number of species, and (c¢) Although [Thomas et al., 2003] re-
ported they obtained the true tree, when using ML phylogenetic reconstruction
even on a larger set of species, they observed the same behavior([Siepel, 2005]).
[Huelsenbeck et al., 2000] examined even larger set of species, and yet arrived
at a tree supporting the ML tree.

In general in nature, a rate might change (increase or decrease) during the
course of evolution. The models studied in this book allow rate heterogeneity
among sites. That is, different sites might exhibit different rates. However,
per site, the rate along all lineages is constant. More advanced models allow
in-site rate heterogeneity which accounts for rate changes throughout evolu-
tion. Some of these [Galtier and Gouy, 1998, Yang and Roberts, 1995] build
on previous models such as HKY85 or TN93 by using the same rate matrices
(and therefore also the assumption of evolutionary model), but enhance them
by allowing the parameters at the matrix to change at every vertex. Other
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Model True Tree ML Tree difference

F84 397851 397388 463
HKY85 396144 395704 440
TN92 396108 395668 440

Fig. 21.8. Log-likelihoods for models allowing kappa to vary from branch to branch.

models (e.g. [Huelsenbeck et al., 2000]) allow the rate to behave as a Poisson
process, enabling non homogeneity even along a single tree branch. All these
models strive to imitate more closely the natural mutation process. However,
the more descriptive a model is, it introduces many more parameters into the
estimation procedure, turning it to computationally hard task, even on a given
tree.

In addition to the models outlined above, PAML implements some more ad-

vanced model to be detailed later. These models enable some further flexibility
with different rates over the branches. In order to check if these advanced fea-
tures resolve the discrepancy between the true tree and ML tree, We tested
them on our data.
In the first benchmark we relaxed the homogeneity constraint prevailed in
the former set of tests. We note here that even the model described by
[Huelsenbeck et al., 2000] which allow greater flexibility inferred an incorrect
tree with respect to the rodents divergence event. For certain models, PAML
enables to vary k along the tree branches. Naturally, this option applies only
to some of the models involving x which are F84 HKYS85 and T92. This
allows for the rate matrix to variate between the branches in order to ob-
tain optimal solution. This corresponds to the models described by Yang and
Roberts [Yang and Roberts, 1995, who used F84 or HKY®85, and Galtier and
Gouy [Galtier and Gouy, 1998] who used T92 for their model. Since we were
interested to see if the gap between the two trees is decreased, we only mea-
sured the likelihood obtained for the two trees. The results are displayed in
Figure 21.8.

In the next trial we tried to partition the clades of the trees into different
rate groups. This approach was motivated by [Mindell and Honeycutt, 1990]
who showed that opossums artiodactyles and primates possess a very sim-
ilar mutation rate while rodents are evolving at a significantly higher rate.
This calls for a model that discriminates between the different branches of
the tree according to their clade. The local clock option of PAML described
in [Yoder and Yang, 2000] allows for such a partition. In this model, the
same rate matrix is assumed along all lineages in the tree. However, when
the transition matrix for branch e is computed, the rate matrix is multiplied
by the branch length ¢t. and another scalar, the rate r. along that branch.
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Model True Tree ML Tree difference
HKYS85 396604 396339 265
T92 396711 396443 268
TNO93 396493 396232 261
REV 395834 395559 275
UNREST 395646 395365 281

Fig. 21.9. Log-likelihoods for models using local clock option.

This provides the model with the property that the tree inferred satisfies
the molecular clock property, while allowing rate heterogeneity. Indeed in
[Douzery E. J. P. and D., 2003] this model was used with very similar group-
ing (as the set of taxa was different) for the study of the discrepancy between
fossil calibration and estimation based on molecular data. However, in their
study, only the true tree was considered as the different goals were posed. , we
the leaves into 3 groups:

(i) The chicken clade (which comprise the branch from the root to the
chicken)

(ii) The rodents clade (comprises all edge joining the ancestral rodent)
(iii) All the rest

the results obtained under this model are depicted in Figure 21.9. It can be
seen that under this model the difference in the log likelihood is diminished,
nevertheless, still the ML tree prevails.
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Ultra-conserved elements in multiple aligned genomes consist of consecutive
nucleotides that are in perfect agreement across all the genomes. For aligned
vertebrate and aligned fly genomes, we give descriptive statistics of ultra-
conserved elements, explain their biological relevance, and calculate the prob-
ability of occurrence of ultra-conserved elements using statistical models.

22.1 The Data

Our analyses of ultra-conserved elements are based on multiple sequence align-
ments produced by MAVID [Bray and Pachter, 2004]. Prior to the alignment
of multiple genomes, homology mappings (from Mercator [Dewey, 2005]) bin
together genomic regions that are anchored together by homologous exons. A
multiple sequence alignment is then produced for each of these alignment bins.
MAVID is a global multiple alignment program, and therefore homologous re-
gions with more than one homologous hit to another genome may not be found
aligned together.

The vertebrate dataset consists of 10,279 bins over 9 genomes: zebra
fish (Danio rerio), fugu fish (Takifugu rubripes), puffer fish (Tetraodon ni-
groviridis), dog (Canis familiaris), human (Homo sapiens), chimp (Pan troglo-
gytes), mouse (Mus musculus), rat (Rattus norvegicus) and chicken (Gallus
gallus). The genome sizes range from 260 Mbp (million base pairs) to 4.2 Gbp
(billion base pairs). A total of 4,368 bins (42.5%) contain alignments across
all 9 species. The evolutionary relationships between these species (which first
diverged about 450 million years ago) are shown in Figure 22.1.

The fruit fly dataset consists of 8 Drosophila genomes: D. melanogaster, D.
stmulans, D. yakuba, D. erecta, D. ananassae, D. pseudoobscura, D. virilis and
D. mojavensis. Each of these genomes consists of 114 to 177 Mbp, and 2,985 of
the 3,731 alignment bins (80.0%) contain all 8 species, indicative of a smaller
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Fig. 22.1. Phylogenetic tree for whole genome alignment of 9 vertebrates.

degree of evolutionary divergence. A phylogenetic tree for these 8 species is
illustrated in Figure 22.2.

The pilot phase of the ENCODE project (cf. Section 4.3 and Chapter 21)
provides an additional dataset of vertebrate sequences aligned to 44 regions
of the human genome. There are 14 manually selected regions of biological
interest and 30 randomly selected regions with varying degrees of non-exonic
conservation and gene-density. Each manually selected region consists of 0.5-
1.9 Mbp, while each randomly selected region is 0.5 Mbp in length, for a total
of about 30 Mbp. Varying with the region under consideration, a subset of the
following 11 species is aligned to the human genome in the October 2004 freeze:
chimp, baboon, marmoset, galago, mouse, rat, dog, armadillo, platypus and
chicken. This collection of species lacks the three fish of the nine-vertebrate
alignment. Armadillo and platypus sequences are only available for the first
manually picked ENCODE region, and sequences for every region are only
available for human, mouse, rat, dog and chicken. The number of species
available for each region varies between 6 and 11 for manually selected regions,
and between 8 and 10 for randomly selected regions. For each region, Shuffle-
LAGAN [Brudno et al., 2003] is applied between the human sequence and each
of the other available sequences to account for rearrangements. MAVID then
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Fig. 22.2. Phylogenetic tree for whole genome alignment of 8 Drosophila species.

produces a multiple sequence alignment for each region based on these re-
shuffled sequences.

22.2 Ultra-Conserved Elements

A position in a multiple alignment is ultra-conserved if for all species the same
nucleotide appears in this position. An wltra-conserved element of length /£ is a
sequence of consecutive ultra-conserved positions (n,n+1,...,n+¥¢— 1) such
that positions n — 1 and n + £ are not ultra-conserved.

Example 22.1 Consider S = 3 toy genomes in a multiple alignment of length
N = 24:

G-—-ACCCAATAGCACCTGTTGCGG
CGCTCTCCA---CACCTGTTCCGG
CATTCT---——---- CTGTTTTGG

* sorokokk Kok

where ultra-conserved positions are marked by a star *. This alignment con-
tains three ultra-conserved elements, one of length 1 in position 5, one of length
5 covering positions 16-20, and one of length 2 in positions 23-24.
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22.2.1 Nine-vertebrate alignment

We scanned the entire nine-vertebrate alignment described in Section 22.1 and
extracted 1,513,176 ultra-conserved elements, illustrated in Figure 22.3. The
median and the mean length of an ultra-conserved element are equal to 2 and
1.918, respectively.

We will focus on the 237 ultra-conserved elements of length at least 20,
covering 6,569 bp in sum. These 237 elements are clustered together; they
are only found in 113 of the 4,368 bins containing all 9 species. The length
distribution is heavily skewed toward shorter sequences as seen in Figure 22.3,
with 75.5% of these regions shorter than 30 bp and only 10 regions longer than
50 bp.

The longest ultra-conserved element in the alignment is 125 base pairs long:
CTCAGCTTGT CTGATCATTT ATCCATAATT AGAAAATTAA TATTTTAGAT GGCGCTATGA
TGAACCCATT ATGGTGATGG GCCCCGATAT CAATTATAAC TTCAATTTCA ATTTCACTTA
CAGCC.

The next-longest ultra-conserved elements are two elements of length 85, fol-
lowed by one element for each one of the lengths 81, 66, 62, 60, 59, 58, and 56.
In particular, there is exactly one ultra-conserved element of length 42, which
is the “meaning of life” element discussed in [Pachter and Sturmfels, 2004a].

Log-frequency
o = N w N [6)] [e)}
|

T T I T TTTT T I I
1 7 14 22 30 38 47 56 66 81 125

Length of ultra-conserved element

Fig. 22.3. Frequencies of vertebrate ultra-conserved elements (log,,-scale).

There are 28 short, ungapped intervening sequences (at most 10 bp) between
consecutive ultra-conserved elements, 18 of which are only a single nucleotide.
These sequences typically represent changes between the fish species and the
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other vertebrates. Stringing together elements separated by less than 10 bases
would reduce the number of ultra-conserved elements to 209, increase the base
coverage to 6,636 bp, and bring the total number of regions greater than 50
bp in length to 26.

In the human genome, the GC-ratio (proportion of G and C among all nu-
cleotides) is 41.0%. The ultra-conserved elements are slightly more AT-rich;
for the 237 elements of length 20 or longer, the GC-ratio is 35.8%. Similar
AT-richness is, however, also present in some parts of the alignment that do
not contain ultra-conserved elements, which constitutes one of the reasons why
our attempts at predicting ultra-conserved elements from single species data
using a hidden Markov model were unsuccessful.

22.2.2 ENCODE alignment

The 44 ENCODE regions contain 139,043 ultra-conserved elements, 524 of
which are longer than 20 base pairs. These long elements cover 17,823 bp. By
base coverage, 73.5% of the long elements are found in the manually chosen
regions. The longest one is in region ENm012, of length 169 and consists of the
DNA sequence:

AAGTGCTTTG TGAGTTTGTC ACCAATGATA ATTTAGATAG AGGCTCATTA CTGAACATCA

CAACACTTTA AAAACCTTTC GCCTTCATAC AGGAGAATAA AGGACTATTT TAATGGCAAG

GTTCTTTTGT GTTCCACTGA AAAATTCAAT CAAGACAAAA CCTCATTGA.

It does not contain a subsequence of length 20 or longer that is ultra-conserved
in the nine-vertebrate alignment, however, the 169 base pairs are also ultra-
conserved in the nine-vertebrate alignment if one excludes the three fish from
consideration. The only overlap between the nine-vertebrate and ENCODE
ultra-conserved elements occurs in the regions ENm012 and ENm005, where there
are 3 elements that are extensions of ultra-conserved elements in the nine-
vertebrate alignment.

Table 22.1 shows the number of species aligned in the 44 ENCODE align-
ments and the respective five longest ultra-conserved elements that are of
length 20 or larger. Omitted randomly selected regions do not contain any
ultra-conserved elements of length at least 20.

22.2.3 FEight-Drosophila alignment

There are 5,591,547 ultra-conserved elements in the Drosophila dataset, with
1,705 elements at least 50 bp long and the longest of length 209 bp. We
focus on the 255 Drosophila ultra-conserved elements of length of at least 75
bp, covering 23,567 bp total. These regions are also found clustered together,
occurring over 163 bins out of the 2,985 bins with all 8 species aligned together.
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Manually selected Randomly selected
Region Spec. Ultra-lengths Region Spec. Ultra-lengths
ENm001 11 28,27,23,209 ENri122 9 22
ENm002 8 39,28, 27,264 ENr213 9 30,27, 26,24,239
ENm003 9 38,282, 26, 259 ENr221 10 369, 329,29
ENm004 8 35,264, 25,20 ENr222 10 29,22
ENm0O0O5 10 114,62, 38, 34, 32 ENr231 8 26,23, 20
ENm006 8 — ENr232 8 26,25, 20
ENmOO7 6 — ENr233 9 25,24, 20
ENm008 9 23,22 ENr311 10 42,31,25,21
ENm009 10 — ENr312 9 60, 31, 22,204
ENm010 8 86, 68,63, 61,602 ENr313 9 27
ENmO11 7 — ENr321 10 68,44, 38,37,35
ENm012 9 169, 159, 1255, 123 ENr322 9 126,80, 79,61, 55
ENm0O13 10 30,26, 23,22 ENr323 8 53,50,45,42,29
ENm014 10 419,39, 269 ENr331 9 26

ENr332 10 26
ENr334 8  79,50,44,37,32

Table 22.1. Number of species and lengths of ultra-conserved elements in
ENCODE alignments. Subindices indicate multiple occurrences.

The shortest distance between consecutive ultra-conserved elements is 130 bp,
and therefore collapsing regions is not considered for this dataset. The mean
and median length of ultra-conserved elements are 2.605 and 2, respectively.
The length distribution of all ultra-conserved elements is shown in Figure 22.4.
This set of ultra-conserved elements is also somewhat more AT-rich, with a GC-
ratio of 38.8% versus a GC-ratio of 42.4% across the entire D. melanogaster
genome.

22.3 Biology of Ultra-Conserved Elements
22.3.1 Nine-Vertebrate Alignment

Using the UCSC genome browser annotations of known genes for the July
2003 (hgl6) release of the human genome to investigate which ultra-conserved
elements overlap known functional regions, we found that among the 237 ultra-
conserved elements of length at least 20, 151 are in intragenic regions of 96
genes. Using the set of collapsed ultra-conserved elements as described in
Section 22.2.1, intragenic regions cover 62.6% of the bases of these elements
(Figure 22.5(a)), while intragenic regions cover only 56.3% of those at least
30 bp long (Figure 22.5(b)). Shorter ultra-conserved elements tend to corre-
spond to exons, while longer ones are generally associated with introns and
unannotated regions.
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Fig. 22.4. Frequencies of Drosophila ultra-conserved elements (log;,-scale).

Introns

Introns

Exons

Exons

UTRs

UTRs

Unannotated Unannotated
(a) 209 elements > 20 bp (b) 59 elements > 30 bp

Fig. 22.5. Functional base coverage of collapsed vertebrate ultra-conserved elements
based on annotations of known human genes.

On average, each gene is associated with 42.5 bp of ultra-conserved elements.
Nine ultra-conserved elements cover a total of 306 bp in the intronic regions
of DPOA, the alpha catalytic subunit of DNA polymerase. Six other genes
are associated with more than 100 bp of ultra-conserved elements. Four of
these genes are transcription factors involved in development (SOX6, FOXP2,
DACHI1, TCF7L2).

The remaining 86 elements of the original 237 did not overlap any annotated
gene. However, by grouping together elements that have the same upstream
and downstream flanking genes, there are only 27 super-regions to consider,
with 51 unique flanking genes. Fifteen of these super-regions contain only
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one ultra-conserved element less than 30 bp in length, but there are 6 super-
regions with at least 99 bp overlapping with ultra-conserved elements. At least
one of the flanking genes for each of these 6 super-regions is a transcription
factor located 1-314 kb away (IRX3, IRX5, IRX6, HOXD13, DMRT1, DMRTS,
FOXD3, TFEC). The overall average distance to the closest flanking gene on
either side is 138 kb and ranges from 312 bp to 1.2 Mbp.

We next study whether the genes near or overlapping with ultra-conserved
elements tend to code for similar proteins. We divided the set of 96 genes with
intragenic overlap into 3 groups based on where in the gene the overlap oc-
curred: exon, intron or untranslated region (UTR). If ultra-conserved elements
overlap more than one type of genic region, then the gene is assigned to each
of the appropriate groups. The 51 genes flanking ultra-conserved elements in
unannotated regions form a 4th group of genes. The Gene Ontology (GO) Con-
sortium provides annotations for genes with respect to the molecular function
of their gene products, the associated biological processes and their cellular lo-
calization [Ashburner et al., 2000]. These GO annotations are available for 46
of the 54 genes with exonic overlap, for all of the 28 with intronic overlap, for 14
of the 20 with UTR overlap, and for 30 of the 51 genes flanking unannotated el-
ements. Considering one GO annotation and one of the 4 gene groups at a time,
we counted how many of the genes in the group are associated with the consid-
ered annotation. Using counts of how often this annotation occurs among all
proteins found in the Uniprot database (release 4.1), we computed a p-value
from Fisher’s exact test for testing independence of association with the anno-
tation and affiliation with the considered gene group. Annotations associated
with at least 3 genes in a group and with a p-value smaller than 3.0 x 10~2 are
reported in Table 22.2. DNA-dependent regulation of transcription and tran-
scription factor activity are found to be enriched in non-exonic ultra-conserved
elements, corresponding to previously reported findings [Bejerano et al., 2004,
Boffelli et al., 2004a, Sandelin et al., 2004, Woolfe et al., 2005]. Conserved ex-
onic elements tend to be involved in protein modification.

We scanned the human genome for repeated instances of these ultra-
conserved elements and found that 14 of the original 237 elements have at
least one other instance within the human genome. Each of these elements is
at most 35 bp in length. Seven of them are found both between IRX6 and
IRX5 and between IRX5 and IRX3 on chromosome 16. These genes belong
to a cluster of Iroquois homeobox genes involved in embryonic pattern forma-
tion [Peters et al., 2000]. These repeated elements include two 32 bp sequences
that are perfect reverse complements of each other and two (of lengths 23 bp
and 28 bp) that are truncated reverse complements of each other. Overall,
there are 5 distinct sequences within 226 bp regions on either side of IRX5
that are perfect reverse complements of each other and found in the same
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GO Annotation p-value
Exons
protein serine/threonine kinase activity 4.545 x 1073
transferase activity 1.494 x 1072
neurogenesis 1.654 x 1072
protein amino acid phosphorylation 2.210 x 102
Introns
regulation of transcription, DNA-dependent  8.755 x 10~4
transcription factor activity 2.110 x 1073
protein tyrosine kinase activity 4.785 x 1073
protein amino acid phosphorylation 1.584 x 1072
protein serine/threonine kinase activity 2.806 x 10~2
UTRs
regulation of transcription, DNA-dependent 1.403 x 10~4
transcription factor activity 3.971 x 1073
Flanking
transcription factor activity 3.255 x 10711

regulation of transcription, DNA-dependent 2.021 x 1078
development 5.566 x 1073

Table 22.2. GO annotations of genes associated with vertebrate
ultra-conserved elements.

relative order (Figure 22.6). Furthermore, exact copies of the two outermost
sequences are found both between IRX/ and IRX2 and between IRX2 and
IRX1 on chromosome 5. Both of these regions are exactly 226 bp long. The
repetition of these short regions and the conservation of their relative ordering
and size suggests a highly specific coordinated regulatory signal with respect
to these Iroquois homeobox genes, and strengthens similar findings reported
by [Sandelin et al., 2004].

The longest ultra-conserved element that is repeated in the human genome
is of length 35 and is found in an exon of an actin gene, ACTA1. In the
human genome, this sequence is also found in the exons of 3 other actin genes,
the introns of 3 unrelated proteins, and 12 other unannotated regions. This
sequence is found multiple times in the other vertebrate genomes as well: 13
times in chimp, 10 times in mouse, 5 times in both rat and dog, 4 times in
tetraodon, 3 times in zebra fish, and twice in both fugu and chicken. However,
the functional significance of the presence of multiple copies of this element in
each of these vertebrate genomes is unclear.
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54102348 TGTAATTACAATCTTACAGAAACCGGGCCGATCTGTATATAAATCTCACCATCCAATTAC
54102408 AAGATGTAATAATTTTGCACTCAAGCTGGTAATGAGGTCTAATACTCGTGCATGCGATAA
54102468 TCCCCTCTGGATGCTGGCTTGATCAGATGTTGGCTTTGTAATTAGACGGGCAGAAAATCA

54102528 TTATTTCATGTTCAAATAGAAAATGAGGTTGGTGGGAAGTTAATTT

55002049 AAATTAACTTCCCACCAACCTAATTTTTTCCTGAACATGAAATAATGATTTTCTGCCCGT
55002109 CTAATTACAAAGCCAACATCTGATCAAGCCAGCATCCAGAGGGGATTATCGCATGCACGA
55002169 GTATTAGACCTCATTACCAGCTTGAGTGCAAAATTATTACATCTTGTAATTGGATGGTGA
55002229 GATTTATATACAGATCGGCCCGGTTTCTGTAAGATTGTAATTACA

Fig. 22.6. Sequences found on either side of IRX5. Sequences underlined with a thick
line are ultra-conserved with respect to the nine-vertebrate alignment. Sequences
underlined with a thin line are not ultra-conserved but their reverse complement is.
Indices are with respect to chromosome 16.

22.3.2 ENCODE Alignment

Based on the annotations of known human genes provided by the UCSC
Genome Browser, 69.2% of the bases of the ultra-conserved elements of
length at least 20 in the ENCODE alignment overlap intragenic regions (Fig-
ure 22.7(a)). However, longer sequences (at least 50 bp) are heavily biased
towards intronic overlap, accounting for 67.7% of these sequences by base cov-
erage (Figure 22.7(b)).

Introns
Introns

Exons

UTRs Unannotated Unannotated

Exons
TRs

(a) 524 elements > 20 bp (b) 79 elements > 50 bp

Fig. 22.7. Functional base coverage of ultra-conserved elements found in ENCODE
regions based on annotations of known human genes.

Values for the gene density and non-exonic conservation level (human-mouse)
are available for the randomly selected ENCODE regions (see Chapter 21 for a
description). For these regions, the amount of base coverage by ultra-conserved
elements is not correlated with gene density (Pearson correlation = -0.0589)
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and is moderately correlated with non-exonic conservation (Pearson correlation
= 0.4350).

While we do not repeat the gene ontology analysis from the previous section,
we note that the regions with the greatest amount of ultra-conserved elements
by base coverage are regions with well-known genes involved in DNA-dependent
transcriptional regulation (Table 22.3). The elements in these 5 regions account
for 80.3% of the bases of the ultra-conserved elements found in this dataset.
The 35 longest ultra-conserved elements, of length at least 69 bp, are also all
found in these 5 regions.

Ultra Coverage (bp) Transcription Factor Genes # Aligned Species

ENmO12 9,086 FOXP2 9
ENr322 2,072 BC11B 9
ENmO10 1,805 HOXA1-7,9-11,13; EVX1 8
ENmO0S 718 GCFC; SON 10
ENr334 549 FOXPJ; TFEB 8

Table 22.3. ENCODE regions with the greatest number of ultra-conserved
elements by base coverage and their associated transcription factor genes.

22.3.3 FEight-Drosophila Alignment

We analyzed the 255 ultra-conserved elements of length at least 75 bp using
the Release 4.0 annotations of D. melanogaster. Approximately half of the
conserved elements occur within 95 different genes (Figure 22.8(a)) and this
proportion increases to 68.2% for the 59 sequences that are at least 100 bp
(Figure 22.8(b)). Unlike the vertebrate dataset, longer regions are associated
with exons, while shorter regions tend to correspond to unannotated elements.

On average, 125.7 bp of ultra-conserved sequences are associated with each
gene by intragenic overlap. The three genes with the greatest amount of over-
lap with these conserved regions are para (765 bp), nAcRa-34E (426 bp) and
nAcRa-30D (409 bp). All three of these genes are involved in cation channel
activity, and the ultra-conserved elements correspond mostly with their exons.
As with the nine-vertebrate dataset, the full set of 95 D. melanogaster genes is
assessed for GO annotation enrichment, using all Release 4.0 D. melanogaster
genes as the background set (Table 22.4). GO annotations exist for 78 of these
95 genes, which we did not differentiate further according to where in the gene
overlap with an ultra-conserved element occurred. Genes involved in synaptic
transmission are strongly overrepresented in genes that have an ultra-conserved
element overlap with their exons, introns and UTRs. These genes include those
with ion channel activity, signal transduction and receptor activity, with roles
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Fig. 22.8. Functional base coverage of ultra-conserved elements found in the
Drosophila alignment based on annotations of known D. melanogaster genes.

in intracellular signaling cascades, muscle contraction, development and be-
havior. RNA binding proteins are also found to be overrepresented. Another
group of overrepresented genes are those involved in RNA polymerase II tran-
scription factor activity. These genes are strongly associated with development
and morphogenesis.

The 130 ultra-conserved elements found in unannotated regions are grouped
together into 109 regions by common flanking genes. These regions are flanked
by 208 unique genes, 134 of which have available GO annotations. The distance
from these ultra-conserved elements to their respective nearest gene ranges
from 0.2-104 kb and is 16 kb on average. A number of transcription factors
involved with development and morphogenesis are found within this set of
genes. Five of the 10 flanking genes with ultra-conserved sequences both up-
stream and downstream are transcription factors (SoxN, salr, toe, H15, sob).
In total, 44 unique transcription factors are found across the intragenic and
flanking gene hits.

Ten of the original 255 ultra-conserved elements are repeated elsewhere in
the D. melanogaster genome. However, all of these repeats correspond to an-
notated tRNA or snRNA, not homologous exons or regulatory regions. There
are 10 ultra-conserved elements that overlap with tRNA (757 bp in sum), two
that overlap with snRNA (191 bp in sum), and one that overlaps with ncRNA
(81 bp). None of the ultra-conserved elements correspond to annotated rRNA,
regulatory regions, transposable elements or pseudogenes.
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GO Annotation p-value

Exons, Introns, and UTRs

synaptic transmission 3.290 x 107°
specification of organ identity 1.044 x 10=6
ventral cord development 3.674 x 1076
RNA polymerase II transcription factor activity —4.720 x 10~°
muscle contraction 8.714 x 1076
voltage-gated calcium channel activity 3.548 x 1077
RNA binding 7.650 x 107°
synaptic vesicle exocytosis 3.503 x 10~4
leg morphogenesis 3.503 x 1074
calcium ion transport 6.401 x 1074
Flanking
regulation of transcription 8.844 x 107
neurogenesis 5.339 x 1076
ectoderm formation 8.285 x 106
endoderm formation 2.125 x 107°
salivary gland morphogenesis 5.870 x 107
Notch signaling pathway 1.591 x 10~*
leg joint morphogenesis 1.788 x 10~*
RNA polymerase II transcription factor activity —2.381 x 10~*
salivary gland development 4.403 x 10~4
signal transducer activity 5.308 x 10~4
foregut morphogenesis 8.004 x 10~4

Table 22.4. GO annotations of genes associated with Drosophila
ultra-conserved elements.

22.3.4 Discussion

Previous studies have considered long stretches of perfectly conserved regions
across shorter evolutionary distances [Bejerano et al., 2004], or aligned regions
above some relatively high threshold level of conservation [Boffelli et al., 2004a,
Sandelin et al., 2004, Woolfe et al., 2005]. We, however, focused on ultra-
conserved elements across large evolutionary distances. This approach pre-
cludes our ability to capture all regions containing high levels of conservation,
but allows us to identify regions that appear to be under the most stringent
evolutionary constraints.

As found in previous studies of highly conserved sequences across vertebrate
genomes, non-coding sequences near genes involved in transcriptional regu-
lation are under exceptionally strong evolutionary constraints. Non-coding
regions that are perfectly conserved across all 9 species, such as those found
near the Iroquois homeobox genes on chromosome 16, are excellent candidates
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to be precise regulatory signals. Non-coding sequences near transcription fac-
tors are also found among the Drosophila conserved elements. However, in
the fruit fly dataset, the exonic conservation is more more substantial. Al-
though this conservation is due in part to a much shorter period of evolution,
the exact conservation of exons whose gene products are involved in synaptic
transmission may be fly-specific.

22.4 Probability of Ultra-Conservation

How long of an ultra-conserved element could occur simply by chance? In or-
der to give an answer to this question, let us first assume that the nucleotides
in the different positions in the alignment are mutually independent. Under
this simplifying assumption, we compute the probability of observing an ultra-
conserved element of a given length for the nine-vertebrate and Drosophila-
alignments. While we assume that evolutionary changes to DNA at one po-
sition in the alignment occur independently from changes at all other, and in
particular, neighboring positions, we allow for dependence of the occurrence
of nucleotides in the genomes of different species (at any given position in the
aligned genomes). More precisely, we use a phylogenetic tree model for our
probability calculation.

Before being able to compute a probability, we must build a phyloge-
netic tree and estimate the parameters of the associated model. The tree
for the nine-vertebrate alignment is shown in Figure 22.1. The topology of
this tree is well-known, so we assume it fixed and use paml [Yang, 1997]
to estimate model parameters by maximum likelihood. As input to paml,
we choose the entire alignments with all columns containing a gap removed.
The resulting alignment was 6,300,344 positions long for the vertebrates and
26,216,615 positions long for the Drosophila. Other authors (see Chapter 21
or [Pachter and Sturmfels, 2004a]) have chosen to focus only on synonymous
substitutions in coding regions, since they are likely not selected for or against
and thus give good estimates for neutral substitution rates. However, our in-
dependence model does not depend on the functional structure of the genome,
that is, it sees the columns as i.i.d. samples. Thus, we believe that it is more
appropriate to use all the data available to estimate parameters.

Many phylogenetic tree models exist (cf. Section 4.5) and we concentrate here
on the Jukes-Cantor and HKY models. With the parameter estimates from
paml, we can compute the probability pcons of observing an ultra-conserved
position in the alignment. Recall that the probability p;, ;. of seeing the
nucleotide vector (i1, ...,is) € {A,C,G,T}* in a column of the alignment of s
species is given by a polynomial in the entries of the transition matrices P,(t),
which are obtained as P.(t) = exp(Qt.) where t. is the length of the edge e



Ultra-Conserved Elements in Vertebrate and Fly Genomes 417

in the phylogenetic tree and @) is a rate matrix that depends on the model
selected.

Under the Jukes-Cantor model for the nine-vertebrate alignment, the max-
imum likelihood (ML) branch lengths are shown in Figure 22.1 and give the
probabilities

Danaaaaass = - - - = prrrrrrrrr = 0.0455666...

Thus the probability of a conserved column under this model is peons = 0.1823.
If we require that the nucleotides are identical not only across present-day
species but also across ancestors, then the probability drops slightly to 0.1738.

Under the HKY model for the nine-vertebrate alignment, the ML branch
lengths are very similar to those in Figure 22.1 and the additional parameter
is estimated as k = 2.4066 (in the notation of Figure 4.6, kK = «/3). The root
distribution was estimated to be almost uniform. These parameters give the
probabilities

Daraaaaass = - -+ = prrrrerrrer = 0.014706...,

which are much smaller than their counterpart in the Jukes-Cantor model.
The HKY probability of a conserved column is peons = 0.0588. If we assume
that nucleotides must also be identical in ancestors, this probability drops to
0.0494.

The binary indicators of ultra-conservation are independent and identically
distributed according to a Bernoulli distribution with success probability peons.
The probability of seeing an ultra-conserved element of length at least ¢ starting
at a given position in the alignment therefore equals p’ .. Moreover, the
probability of seeing an ultra-conserved element of length at least ¢ anywhere
in a genome of length N can be bounded above by Np’ ... Recall that the
length of the human genome equals roughly 2.8 Gbp and the length of D.
melanogaster is approximately 120 Mbp. Table 22.5 evaluates the probability
bound for different values of /.

However, 46% of the ungapped columns in the nine-vertebrate alignment
are actually ultra-conserved. This compares with the 18% we would expect
with the JC model and the 5% under the HKY model. This suggests that the
model of independent alignment positions is overly simplistic. If we collapse the
alignment to a sequence of binary indicators of ultra-conserved positions, then
a very simple non-independence model for this binary sequence is a Markov
chain model (cf. Section 1.4 and Chapter 10).

In a Markov chain model, the length of ultra-conserved elements is geomet-
rically distributed, i.e., the probability that an ultra-conserved element is of
length ¢ equals #~1(1 — @), where 6 is the probability of transitioning from
one ultra-conserved position to another. The expected value of the length
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Nine-vertebrate (human) Drosophila (D. melanogaster)
Jukes-Cantor HKY Jukes-Cantor HKY
Dcons 0.1823 0.0588 Deons 0.42865 0.23878
15 0.023 9.72- 10710 25 0.076 3.38-1078
20 4.60-1076 6.83- 10716 75 3.07-10720  2.69-1073°
125 1.11-1078  4.16- 10714 209 1.54-107%%  1.20-107122

Table 22.5. Probabilities of seeing ultra-conserved elements of certain lengths
i an independence model with success probability peons derived from two
phylogenetic tree models.

of an ultra-conserved element is equal to 1/(1 — #). The probability that an
ultra-conserved element is of length £ or longer equals

S o1 —6) =61
k=t

Therefore, the probability that at least one of U ultra-conserved elements found
in a multiple alignment would be of length at least £ is equal to

1-(1-6"HY=U-6~" for larger (.

Restricting ourselves to the nine-vertebrate alignment (computations for the
Drosophila alignment are qualitatively similar), we use the mean length of the
ultra-conserved elements described in Section 22.3.1 to estimate the transi-
tion probability 6 to 0.4785. Then the probability that at least one of the
1,513,176 ultra-conserved elements of the nine-vertebrate alignment is of length
25 or longer equals about 3%. The probability of seeing one of the U ultra-
conserved elements being 30 or more bp long is just below 1/1000. However,
the dependence structure in a Markov chain model cannot explain the longest
ultra-conserved elements in the alignment. For example, the probability of
one of the U elements being 125 or more bp long is astronomically small
(0.3 -10733). This suggests that the Markov chain model does not capture
the dependence structure in the binary sequence of ultra-conservation indica-
tors. At a visual level, this already becomes clear in Figure 22.3. Were the
Markov chain model true then due to the resulting geometric distribution for
the length of an ultra-conserved element the frequencies on log-scale should
fall on a straight line, which is not the case in Figure 22.3. Modeling the
process of ultra-conservation statistically requires more sophisticated models,
for which the phylogenetic hidden Markov models appearing, for example, in
[Siepel and Haussler, 2004] provide a point of departure.
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